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Slope instability is a significant natural hazard in the Tien Shan mountain range, some 
landslide studies were carried out in small areas in the Tien Shan Mountain but no 
landslide susceptibility mapping has been carried out for the region. This thesis 
describes the creation of a digital landslide inventory and the use of a Geographical 
Information System (GIS) to create the first landslide susceptibility models for the area.  
This research has resulted in the landslide inventory of the Toktogul region. This was 
accomplished through a combination of SPOT image interpretation with the validation 
of Google Earth image and field mapping. 2,776 landslides were mapped with the area 
of approximately 202 km2 in total. This area is about 1.6% of the total study area 
(12,280 km2). The landslide frequency-area distribution using inverse gamma 
distribution was carried out using all landslides.  
A quantitative landslide susceptibility assessment was conducted. Parameter maps 
including slope, elevation, aspect, lithology, land cover, distance from faults and 
distance from drainage, normalised difference vegetation index and stream power index 
were constructed and compiled into a database with the landslide inventory. The 
bivariate (frequency ratio and weight of evidence) and multivariate (logistic regression) 
statistical analysis were used to establish landslide susceptibility maps. The 
susceptibility maps were validated using landslide inventory. Success rate curve and 
cumulative area under the curve were created. All susceptibility maps resulted in very 
similar prediction rate curves and cumulative area under the curves. Logistic regression 
gave the best result in cumulative area followed by frequency ratio and weight of 
evidence (79.51%, 77.86%, and 78.21%, respectively). The combining of landslide 
susceptibility using logistic regression method was performed. The result shows a good 
predictive accuracy (78.72% cumulative area). Based on the validation, the 
susceptibility map derived using logistic regression was determined to be the best.   
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Chapter 1  Introduction 
1.1 Introduction 
Currently, many mountainous areas with complicated geological structures, which were 
deemed unreachable before, have been reclaimed by mankind due to the growth of 
population and the shortage of land resources worldwide, human use of nature have 
dramatically increased. One of the consequent results is the high occurrence of natural 
hazards. Landslides are considered to be one of the most dangerous natural hazards, due 
to the fact that they cause human fatalities and extensive damage worldwide (Jia, 
Mitani, Xie & Djamaluddin, 2012). Catastrophic landslide activities in mountainous 
areas are often triggered by extreme events, such as earthquakes (Jia et al, 2012; 
Chigira,Wu, Inokuchi & Wang, 2012; Xu, 2014,), heavy precipitation (Keijsers, et.al., 
2011), or volcanic eruptions (Kerle et al., 2003), snow melt, human activities such as 
timber cut or road construction, or a combination of these factors (Aleotti and 
Chowdhury, 1999). Petley (2012) studied global patterns of loss of life from landslides 
from nonseismically triggered landslides that resulted in loss of life between A.D. 2004 
and 2010 and he found that areas with a combination of high relief, intense rainfall, and 
a high population density are most likely to experience high numbers of fatal landslides. 
However, the landslide is more distributed in area of high rates of tectonic processes. 
Areas of high relief, high rainfall, and large populations that are not currently associated 
with active tectonic activity or seismicity, such as the Alps, tend to have a much lower 
number of recorded landslides.  This refers that seismic activity plays an important role 
in creating landscapes in which landslides are predisposed, and in weakening slopes 
through seismic excitation, allowing mobilization by subsequent rainfall events. Korup, 
Densmore & Schlunegger (2010) reviewed the role of landslides in current concepts of 
the topographic development of mountain ranges. They found that many studies in this 
ﬁeld address basin- or orogen-scale competition between rock uplift and ﬂuvial bedrock 
erosion. Hillslopes in general and bedrock landslides in particular, are often assumed to 
respond rapidly to cut and development of the ﬂuvial drainage network. Large 
landslides such as deep seated slope deformation (sackung) often involves in tectonic 
activity and (Korup, 2006). Dai, Tu, Xu, Gong & Yao (2011) studied 2008 Wenchuan 
earthquake (Ms 8.0) which triggered over 56,000 landslides over a broad area, including 
shallow, disrupted landslides, rock falls, deep-seated landslides, and rock avalanches. 
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Among these landslides, rock avalanches are of great concern because of the large 
volume of displaced material, the long runout distance and the resulting fatalities. 
Landslides in high mountain of Malaysia are mainly triggered by tropical rainfalls 
causing failure of the rock including debris flows and mudflows (Sezer, Pradhan & 
Gokceoglu, 2011). Shallow landslides, often called mudslides or debris ﬂows, are also 
commonly occurred in mountainous areas (Jia et al, 2012). They are caused primarily 
by prolonged, heavy rainfall on saturated hill slopes (Hong, Adler & Huffman, 2007).  
The Tien Shan region of the Central Asian mountain ranges is one of the highest and 
largest parts of the Earth’s mountain belts. Its geography is affected by the ongoing 
collision of the two continental plates, the Indian sub-continent with southern Eurasia. It 
is shared by five nations of Kyrgyzstan, Kazakhstan, Uzbekistan, Tajikistan and China 
(Strom, Korup, Abdrakhmatov, & Havenith, 2005). Due to its tectonic activity, the Tien 
Shan is prone to extreme natural processes such as earthquakes, landslides, floods and 
avalanches. These processes often interfere with each other and thus represent multiple 
natural hazards to inhabitants and infrastructure of mountainous areas and their 
vicinities (Havenith et al., 2000; Roessner, Wetzel, Kaufmann, & Sarnagoev, 2001). 
In Kyrgyzstan large landslides represent one of the major natural hazards due to their 
frequent occurrence. They are especially concentrated in the Southern Tien Shan along 
the eastern rim of the Fergana Basin within the foothills of its surrounding mountain 
ranges. Since this region is densely inhabited, landslides lead to damage of settlements 
and infrastructure and loss of human lives on a yearly basis. In this area landslide 
activity is caused by complex interactions between tectonic, geological, 
geomorphological and hydrometeorological factors (Roessner et al., 2001). 
Landslides in Kyrgyzstan have been studied for the last 50 years and about 3,000 
landslides have been recorded based on field investigations and analysis of aerial 
photographs for selected areas of high landslide activity (Roessner, Wetzel, Kaufmann, 
& Sarnagoev, 2005). However, most of the landslide studies are focused on a single 
landslide event. For example, the Suusamyr region, affected by a Ms=7.3 earthquake in 
1992 (Havenith, Strom, Cacerez, & Pirard, 2006a; Havenith, Torgoev, et al., 2006a); the 
Mailuu-Suu valley, nuclear waste storage and former mining area (Havenith, Torgoev, 
et al., 2006a); the Gulcha area, affected by several loess-landslide disasters in 2002 and 
2005 (Danneels, Havenith, Strom, & Pirard, n.d.). However, a consequential spatial and 
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temporal inventory of landslides over large areas has not yet been carried out. This is 
due mainly to the limited availability of spatial data (detailed maps and remote sensing 
data) that has been caused by a restrictive data policy during Soviet times and by 
insufficient financial and technological means at present (Roessner et al., 2001; Strom 
et al., 2005).  
Most parts of the mountainous areas have more experience in natural hazard related to 
landslides. However the assessment and mitigation activities are difficult. The lack of 
required data, and hazard experts, limited budget and the lack of awareness of local 
government are some of the reasons why the assessment activities are far from 
adequate. On the other hand, those activities are absolutely needed to reduce the effect 
of landslide hazard (Razak, Straatsma, Van Westen, & Malet, 2009). One of the 
activities in landslide assessment in mountain region is to generate landslide 
susceptibility maps. However, the lack of detailed spatial data of landslide occurrence 
and its distribution as well as landslide controlling factors concerning topography, 
geology, etc., is still a main problem. The reliable data is not common in most countries 
especially developing countries. Somehow, this can be solved by field observation 
which aims to identify the physical characteristics of landslides and landslide 
controlling factors. Field-based approach is extremely time intensive, required more 
labour and has difficulty for inventory map updating, especially in forested area (Razak 
et al., 2009). Moreover, in the remote mountain areas, methods of collecting data in the 
field are limited due to the area is not accessible. 
Landslide susceptibility can be mapped using a number of different methods depending 
on the data available including landslide inventory and causative factors. In term of 
landslide inventory, there are some problems associated with the identification of 
landslides on the ground such as dense vegetation or erosion processes. In addition, 
access on the ground may be made difficult by dense vegetation, very steep slopes, 
especially if no roads have yet been built. Fortunately landslide can be prepared without 
actually needing to undertake intensive fieldwork by using other different techniques 
such as landslide interpretation of aerial photographs, satellite images, LiDAR elevation 
data etc. (Guzzetti, 2006). However, in developing countries, these data sets are still 
inaccessible. One of the features that may influence decision in selecting the technique 
to be used in the landslide monitoring or mapping is the costs (Tofani, Segoni, Agostini, 
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Catani, & Casagli, 2012). The costs of the raw input data are highly variable. On the 
other hand, in some circumstances, remotely sensed data may be even got for free. 
Although, there are free satellite images available, the quality or resolution is still not 
adequate for detail mapping. Some sources for higher resolution images or even aerial 
photos, the security access are required. Although with recent internet connection, some 
dependent factors such as topographic, geology etc., are freely available for download, 
sometimes detail information are still limited access.  
The methods for the landslide susceptibility are continuously showing great 
advancement. Especially, after the development of GIS  and RS techniques, assessments 
can be done efficiently in a relatively short time (Dahal et al., 2008; Huabin, Gangjun, 
Weiya, & Gonghui, 2005). The reliability of landslide susceptibility maps depends 
mostly on the amount and quality of available data, the working scale and the selection 
of the appropriate methodology of analysis and modelling. The process of creating these 
maps involves several qualitative or quantitative approaches (Soeters and van Westen, 
1996; Aleotti and Chowdhury, 1999; Guzzetti et al., 1999). Qualitative methods depend 
on expert opinion. The most common types of qualitative method simply use landslide 
inventories to identify sites of similar geological and geomorphologic properties that are 
susceptible to failure (Onagh, Kumra & Rai, 2012). Quantitative methods are 
particularly based on numerical expressions of the relationship between controlling 
parameters and landslides. There are two types of quantitative methods: deterministic 
and statistical (Aleotti and Chowdhury, 1999). The literature on landslide susceptibility 
assessment proposes numerous qualitative or semi-quantitative approaches include the 
fuzzy logic theory of Zadeh (1965), employed by Saboya et al. (2006); the analytic 
hierarchy process (AHP) of Saaty (1980), employed by Yalcin (2008); the analytic 
network process (ANP) of Saaty (1999), employed by Neaupane and Piantanakulchai 
(2006); and the weighted linear combination (WLC) method by Ayalew et al. (2004). 
Examples of quantitative approaches, the bivariate statistical models by Su€zen and 
Doyuran (2004) and Thiery et al. (2007) see widespread use. Other researchers applied 
multivariate statistical techniques such as discriminant analysis (Carrara et al., 2003) or 
linear and logistic regression (Dai and Lee, 2002, 2003; Ayalew and Yamagishi, 2005; 
Yesilnacar and Topal, 2005) or non-linear methods such as artiﬁcial neural networks 
(ANN) (Lee et al., 2004; Arora et al., 2004; Gomez and Kavzoglu, 2005; Ermini et al., 
2005; Yesilnacar and Topal, 2005). These methods have also been used in mountainous 
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areas. Shahabi, Khezri, & Ahmad (2014) compared the landslide susceptibility mapping 
models of logistic regression (LR), analytical hierarchy process (AHP) and frequency 
ratio (FR) applied in the central Zab basin (West Azerbaijan, Iran). Their study area 
covers parts of mountains and slopes where has some parameters which affect 
landslides such as slope, precipitation, lithology, soil, earthquake and human activity. 
The results indicated that the LR and FR models are relatively good estimators of 
landslide susceptibility in the study area and all three models were reasonably accurate. 
Ozdemir and Altural (2013) produced landslide susceptibility maps in the Sultan 
Mountains of south-western Turkey using three different methods, frequency ratio, 
weights of evidence, and logistic regression. The accuracy of the final landslide 
susceptibility maps was evaluated based on the landslides observed during the 
fieldwork, and the accuracy of the models was evaluated by calculating each model’s 
relative operating characteristic curve. The interpretations of the susceptibility map 
reveal that geology, slope steepness, slope aspect, and elevation played major roles in 
landslide occurrence and distribution in the Sultan Mountains. In mountainous areas of 
Nepal Himalaya, landslide problems are abundant due to a unique combination of 
adverse geological conditions, abundant rainfall and anthropogenic factors. Various 
approaches have been developed for landslide susceptibility mapping, hazard mapping 
and risk evaluation in the Nepal Himalaya, including heuristic approaches based on 
expert opinion or experience (Bijukchhen et al., 2013), analytical network process 
model (Neaupane and Piantanakulchai, 2006), statistical techniques (Dahal et al., 
2008;), fuzzy logic approach (Kayastha, 2012), artificial neural network models 
(Poudyal et al., 2010) and process based models (Ray and De Smedt, 2009),  analytical 
hierarchy process (AHP) (Kayastha et al, 2013). 
Previously, little work in landslide assessment has been done on landslide susceptibility 
in Kyrgyzstan. Therefore, this research intend to create landslide inventory as well as 
landslide susceptibility to assess and understand where existing landslides are and 
where future landslides are likely to occur for the large area of the Toktogul region at a 
regional scale.   
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1.2 Aim and objective 
1.2.1 The main research aim 
The purpose of this study is to develop an integrated approach for landslide assessment 
in the Toktogul region of Kyrgyzstan, Central Asia by using Geographical Information 
System (GIS) combined with Remote Sensing (RS). The thesis aims to demonstrate 
how quantitative methods of landslide susceptibility mapping can be applied to remote 
mountainous regions with the limited input landslide controlling factors. 
1.2.2 The specific research objectives 
To achieve the aim, the specific research objectives are defined as follows:  
 To detect and map landslides using high resolution imagery (SPOT); and to 
generate a landslide inventory database for the area from this interpretation. 
 Review of the availability and reliability of potentially relevant data in the study area. 
 To generate a GIS based landslide susceptibility model based upon the compiled 
landslide inventory data and landslide factors (such as geology, topography, and 
drainage network information) using various statistical techniques.  
 To compare susceptibility maps from different statistical models as well as 
combining landslide susceptibility maps to generate better final landslide 
susceptibility map for the area.  
 Develop methodology that can be used for landslide susceptibility mapping in 
different remote mountain environments. 
1.3 Study area 
The Tien Shan Mountain of the Central Asian mountain range is one of the highest and 
largest parts of the Earth’s mountain belts. Its geography is affected by the ongoing 
collision of the two continental plates, the Indian sub-continent with southern Eurasia. It 
is shared by five nations of Kyrgyzstan, Kazakhstan, Uzbekistan, Tajikistan and China 
(Strom, Korup, Abdrakhmatov, & Havenith, 2005). Due to its tectonic activity, the Tien 
Shan is prone to extreme natural processes such as earthquakes, landslides, floods and 
avalanches. These processes often interfere with each other and thus represent multiple 
natural hazards to inhabitants and the infrastructure of mountainous areas and their 
vicinities (Havenith et al., 2000; Roessner et al., 2001). This study is focused on a 
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particular mountainous area in the Toktogul region in Southern Tien Shan of 
Kyrgyzstan. 
The Toktogul scheme began in the early 1960s, when engineering geology 
investigations were carried out in the area of the Toktogul dam, followed by a 14 year 
construction period during Soviet times. Perhaps most significantly, construction took 
place when the theory of plate-tectonics and the very large lateral translational 
movements within the Earth’s crust that it requires, was in its infancy in the West. In the 
Soviet Union the theory was actively dismissed in mainstream geological circles 
(NATO, 2010). It is now recognised that the Toktogul scheme sits astride a major fault 
structure, the Talas–Fergana fault, which extends for over 700 km, bisecting the actively 
deforming Tien Shan mountain range. The fault zone is readily visible on modern 
satellite imagery (Figure 1.1). There is evidently the potential that Talas-Fergana fault 
will generate devastating earthquakes in the future (Korjenkov et al., 2009). 
 
Figure 1.1 Shuttle radar image of the Toktogul region within the Tien Shan Mountains 
of central Asia.  The east-west structural grain of the mountains is transected by the 
prominent NW-SE-striking Talas-Fergana fault (between arrows), over 700 kilometres 
in length. The Toktogul reservoir depression occurs in the upper central part of the 
image immediately north-east of the fault. The much larger depression in the south-
western part of the image is the Fergana Valley, home to some 10 million people reliant 
on irrigation waters from the Toktogul scheme (NATO, 2010). 
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Besides the potential for large earthquakes, the Talas - Fergana zone is associated with 
numerous deep-seated slope deformations, landslides, disruptions of superficial 
deposits, increased erosive activity and debris flows. Such phenomena can be observed 
in a wide zone on both sides of the fault and are related to the area of maximum ground 
shaking from strong recent paleoearthquakes (NATO, 2010). However, since 
Kyrgyzstan used to be part of the former Soviet Union, as well as its former position in 
the border territory between China and the USSR, potential geoenvironmental threats, 
especially landslide hazard to the Toktogul region have remained unstudied (NATO, 
2010). 
1.3.1 Location 
The study area which is situated in the Toktogul region in the southern Tien Shan 
mountain ranges of Kyrgyzstan consisted of approximately 12,300 km2. It's located in 
between 40° 51´ and 42° 36´ N latitudes and 72° 11´ and 73° 42´ E longitudes (Fig 1.2). 
The Toktogul hydroelectric and irrigation scheme is the largest in Central Asia, with a 
reservoir containing almost 20 km3 of impounded water behind a 230 m-high dam. 
Annually, the scheme generates 1,200 MW of electricity that is distributed over 




Figure 1.2 Location of the study area, the Toktogul region is situated in the middle part 




The Tien Shan Mountain is located in the centre of Eurasia, which governs its continental 
climate, characterized by great extremes of temperature in summer and winter. The 
characteristic aridity of the region is marked in the surrounding deserts and dry regions. 
The area absorbs much solar heat, and there are about 2,500 hours of sunshine each year. 
The climate becomes progressively cooler and more humid as the elevation of the 
mountains increases (Britannica, 2013). On the basis of circulation processes prevailing in 
different parts of the mountains, precipitation regime and orographic features, The Tien 
Shan has been identified the following regions: western, northern, central, and eastern 
Tien Shan (Fig. 1.3a) (Aizen, Melack, & Dozier, 1997). The main factor influencing the 
climate is the interaction between cyclonic activity from the south-western and the west 
branch of the Siberian anticyclonic circulation. The western region is under weak 
influence of the Siberian anticyclonic circulation and moderate influence of the south-
western cyclonic circulation that brings warm, moist air masses into the region. As a 
result, up to 50 mm month−1 of precipitation falls during autumn and winter, from 
November to February, and maximum precipitation (up to 80 mm month−1) occurs in 
spring, from March to June (Fig.1.3b). The northern region is situated under strong 
influence of the Siberian anticyclonic circulation, which influences the quantity of winter 
precipitation; maximum precipitation (up to 120 mm month−1) is observed in spring and 
summer (Fig.1.4b). The high ranges surrounding the central and eastern Tien Shan 
prevent the entrance of moisture and result in low winter precipitation (about 10 mm 
month−1); convection results in summer maxima (up to 130 mm month−1). 
According to Britannica, 2013, temperatures vary in the Tien Shan, mostly depending 
on elevation. Summer is hot in the foothills: the mean temperature in July may reach 81 
°F (27 °C) in the Fergana Valley, 73 °F (23° C) in the Ili valley depression, and up to 93 
°F (34 °C) to the east, in the Turfan Depression, where the climate is even more 
continental. The temperature in July at a height of about 10,500 feet (3,200 metres) in 
the inner Tien Shan drops to 41 °F (5 °C), and frost is possible throughout the summer. 
The mean temperature in January in the Fergana Valley is 25 °F (− 4 °C), in the Ili 
depression it is 14 °F (− 10 °C), and it drops to − 9 °F (− 23 °C) in the alpine regions of 
the inner Tien Shan; in places (in particular, the Ak-Say valley) temperatures as low as 
− 58 °F (− 50 °C) have been recorded (Britannica, 2013). 
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Figure 1.3 The Tien Shan climate zones, (a) Classiﬁcation of the Tien Shan by 
precipitation regime: W (western Tien Shan), N (northern Tien Shan), C (central Tien 
Shan), and E (eastern Tien Shan). (b) Annual variation in precipitation through 
altitudinal zones in the Tien Shan (Aizen et al, 1997). 
1.3.3 Hydrology and drainage 
The topography of the study area is characterized by high mountains and intermontane 
basin. The main river is Naryn River. The river is 578 km long, is formed by confluence 
of the Big Naryn River and Small Naryn River. The river is mainly fed by snowmelt 
and water from glaciers. The river basin is surrounded by mountain ridges, in the south 
and east are the mountain ridges of Akshiyrak and Talassky and in the west Fergansky 





According to Bernauer & Siegfried (2008) consumptive water allocation from the 
Naryn is mainly for irrigated farming. The natural runoff pattern, with annual flow 
ranges of 23.5–51 km3, is characterized by a spring/summer flood that usually starts in 
April and peaks in June. The flow patterns were significantly changed with the 
commissioning of the Toktogul dam in 1974. Since then, the ﬂow regime of the Naryn 
River is regulated, mainly due to Toktokul reservoir. The Toktogul has a total storage 
volume of around 19.5 km3, accounting for more than half of the total usable reservoir 
capacity in the whole Naryn basin. The reservoir area is around 280 km2, its length 
about 65 km. The hydro-power capacity of the Toktogul power plant is 1,200 
megawatts, making it the second biggest in the Central Asia.  
1.3.4 Population and infrastructure 
1.3.4.1 Population 
The population of Kyrgyzstan is unequal distribution by territory. In general, it has a 
low population. The average density of present population (recorded in 2009) is 25.6 
people per square kilometre. There are very low populated in mountainous terrains and 
high populated in valleys and towns that conditioned largely by diversity of natural and 
climatic conditions and peculiarities of the economy of the country (see Fig. 1.5) 
(National Statistical Committee of the Kyrgyz Republic, 2009). In demographic 
statistics there are two categories of population: present and resident population.  
Present population: the population, which live permanently and temporarily in the 
given. On March 24, 2009, the present population of Kyrgyzstan has made up 
51,077,000 people. More than one third of population (35 %) lives in urban settlements 
and about two thirds of population (65 %) lives in rural settlements (National Statistical 
Committee of the Kyrgyz Republic, 2009).  
Resident population: the population, which live permanently in the given territory 
including temporarily absent persons. On March 24, 2009, the total resident population 
of the Kyrgyz Republic has made up 53,628,000 people; including urban population of 
18,282,000 people and rural population of 35,346,000 people (National Statistical 




Figure 1.4 Population density of Kyrgyzstan  (National Statistical Committee of the 
Kyrgyz Republic, 2009) 
1.3.4.2 Infrastructure 
The main components of Kyrgyzstan's physical infrastructure include roads, rail, 
electric grids, gas pipelines, and a telecommunications system. The country's road 
system is consisted of paved roads with a length of 16,854 kilometers (10,467 miles). 
The rail system consists of 1 major rail line of a length of 370 kilometers (299 miles) 
linking the Kyrgyz capital, Bishkek, with Kazakhstan. The fixed (copper wire) 
telephone system and microwave relay stations dating from the Soviet period 
(consisting of 357,000 lines) are rapidly being overtaken by new, decentralized mobile 
phone services. Of the country's 14 airports, only the capital airport is capable of 
accommodating international flights (Encyclopedia of the Nations, 2013). 
1.3.5 Geology and tectonic  
1.3.5.1 Geological setting 
The Tien Shan is an intraplate mountain belt that formed during Late Palaeozoic 
collision between the Karakum–Tarim continent and the Paleo-Kazakhstan continent 
because of India-Eurosian collision (Konopelko, Biske, Seltmann, Eklund, & Belyatsky, 
2007; Korup, 2004; Oliver Korup, Strom, & Weidinger, 2006). The mountain belt itself 
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lies in east-west direction with extension of about 2,500 km and a maximum width of 
more than 500 km (Havenith et al., 2000; Havenith, Strom, Cacerez, & Pirard, 2006b). 
The structure of the Tien Shan is characterized by approximately east-west trending 
mountain ranges and intermountain basins often bounded by neotectonic faults such as 
the Nikolaev’s line and the Talas-Ferganal faults (Korup et al., 2006). Geology of the 
Tien Shan is represented by the Early Palaeozoic granitic, sedimentary, or volcanic 
rocks and its Precambrian basement rocks (Dobretsov & Buslov, 2007). These rock 
units represent on the mountain ridge surrounding neotectonic basins (Oliver Korup et 
al., 2006) and are unconformably overlain by Jurassic to Recent sedimentary deposits 
(Dobretsov & Buslov, 2007) whereas most major basins are composed of Neogene and 
Quaternary sandstone, siltstone with gypsum beds, and conglomerate (Korup et al., 
2006). There are few geological researches of the Tien Shan Mountain that have been 
published in English. These are, for example, in Suusamyr Basin, northern Kyrgyzstan, 
the surrounding ranges are formed by Ordovician granitic plutons (Havenith et al., 
2000) and the basin is filled with Neogene; siltstone and claystone, and Quaternary 
sediments; alluvial and glacial deposits (Havenith, et al, 2006). (Danneels, Bourdeau, 
Torgoev, & Havenith, 2008) revealed that in the Gulcha area, the structure is very 
complex, including anticlines and synclines, as well as upthrust faults. Geology is 
composed of Palaeozoic and Cretaceous rocks in the anticlines, whereas the synclines 
contain consolidated clay and limestone of the Palaeogene and Neogene. The river 
valleys are filled with Quaternary deposits. Most of the rocks of this area are covered by 




Figure 1.5 Geological map of the study area  modified from Institute of Communication 
and Information Technologies, Kyrgyzstan (1978). 
1.3.5.2 Superficial deposit 
Superficial deposit, especially thick and widespread loess deposits are presented across 
Asia, extending from northwestern Europe to Central Asia and China. Continental loess 
deposits provide one of the most important archives of data on climate ﬂuctuations 
during the Quaternary; they are especially sensitive indicators of dry–windy conditions 
associated with glacial activity (Youn, Seong, Choi, & Ormukov, 2014). The 
accumulation of loess deposits in Central Asia is associated with areas geologically 
uplifted since the Middle Tertiary; uplift of the Tien Shan has resulted in the production 
of a large amount of silt and sand particles in this region. Most of loess deposits caps on 
the bedrock of Paleozoic metamorphic and Tertiary sedimentary rocks and glacial 
deposits (Youn, et al., 2014). The Kyrgyz loess is typical silty loess composed of 
approximately 80% silt, 7% clay, and 12% sand (Youn, et al., 2014). The loess 
landslides occur quite regularly (on a yearly basis) in the regions presenting an almost 
continuous and locally very thick (>20 m) cover of this material, generally at mid-
mountain altitude (900–2300 m) and mainly along the border of the Fergana Basin 
(Kyrgyzstan, Uzbekistan and Tajikistan) (Havenith, et al., 2015). 
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1.3.5.3 Tectonic setting 
It is thought that nearly half of the present-day Indo-Asian convergence is absorbed by 
deformation roughly 1000-2000 km north of the Himalaya, within the interior ranges of 
Central Asia (Bullen, Burbank, & Garver, 2003) namely, the Tien Shan and Altai 
Ranges. Geodetic studies indicate that the present shortening rate in the Tien Shan is 
approximately 20-23 mm/yr, which is similar to the shortening rate across the main 
Himalayan Thrust (Avouac, 2003). Rapid shortening in the Tien Shan has created the 
highest summits outside of the Himalaya. As such, the Tien Shans are making a unique 
case-study of intracontinental mountain building. The timing of the initial growth of the 
Tien Shan remains controversial. Magneto-stratigraphic sections and fission track ages 
in the eastern and southern Tien Shan indicate that erosional exhumation of these ranges 
began at 20-25 Ma and may have been linked to a switch from extrusion-dominated to 
crustal thickening- dominated tectonics. Alternatively, initial Tien Shan growth has 
been estimated at approximately 10 Ma on the basis of extrapolation of the geodetic 
shortening rate, given that the total Cenozoic shortening across the Tien Shan has been 
estimated at 200±50 km. 
The Kyrgyz Tien Shan is surrounded by the stable Kazakh platform in the North and in 
the South by the Tarim basin (Havenith et al., 2000). The structure of the Tien Shan is 
characterised by alternating, roughly east-west trending, mountain ranges and 
intramontane basins. Palaeozoic rocks and older basement constitute the core of the 
ranges, whereas the basins are filled by Cenozoic and some Mesozoic sediment and are 
mostly bounded by oppositely vergent thrust faults. Another structural feature are strike 
slip faults, the most prominent one being the northwest-southeast trending Talas-
Fergana fault (Figure 3.2) with a total dextral offset, since Permian times, of about 200 
km. Thrust and strike slip faults accommodate a yearly shortening of 10-30 mm 
throughout this intracontinental mountain belt (Havenith, et al., 2000). 
1.3.5.4 Seismicity 
The Tien-Shan is known as an active seismic region of extremely complex geodynamics 
but there is no unanimity about the causes of this complexity (Sabitova, Medjitova & 
Bagmanova, 2005). Kyrgyz part of Tien-Shan is recognized in a block structure of High 
Asia by strong earthquake locations (M > 6.5) (Sabitova, Medjitova & Bagmanova, 
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2005). Historical earthquakes are concentrated in three areas: in the northern Tien Shan; 
along a narrow belt in the southern Tien Shan; and along the Talas-Fergana fault zone 
(USGS, 2013). The Talas-Fergana Fault is the largest structure in Central Asia. It forms 
an obliquely oriented boundary between the northeastern and southwestern parts of Tien 
Shan. The later includes the Fergana basin, the Chatkal-Kurama mountain ranges and 
the Alay valley. The Northeastern Tien Shan is represented by a wide belt of latitudinal 
oriented ranges, which are located between the Kazakh platform and the Tarim basin 
(Korjenkov Rust, Tibaldi, & Abdieva, 2012). In November 2, 1946 Chatkal earthquake 
(M = 7.6) occurred near the intersection of the Talas-Fergana fault and Chatkal ranges, 
approximately 65 km northwest of Toktogul Dam. It was the largest in the Toktogul 
region in this century (Simpson & Hamburger, 1981). It was destructive over a large 
area of central Kyrgyz. The maximum intensity (IX) occurred over an elongate zone 
extending southeast (parallel to the Talas-Fergana fault) 80-100 km to Toktogul 
(Simpson & Hamburger, 1981). A large landslide measuring 300 x 200 x 10 m 
temporarily dammed the Naryn River, upstream from the present site of the Toktogul 
Dam (Simpson & Hamburger, 1981). The Suusamyr earthquake (M = 7.3) on August 
19, 1992 triggered many landslides, the most disastrous one, a rock avalanche near the 
village of Toluk on the southern ﬂank of the Suusamyr range, killed about 35 people.  In 
total this earthquake caused about 50 casualties (Havenith et al, 2000).  According to the 
National Earthquake Information Center (NEIC), USGS the location and size 
(magnitude) of all destructive earthquakes have been recorded worldwide including in 




Figure 1.6 Location of the recent earthquakes in the study area   (USGS, 2014) 
Table 1.1 Recent destructive earthquakes occurred in Toktogul region and its vicinity  
(USGS, 2014) 
Date Latitude Longitude Depth (km) Magnitude Place 
1911-02-18 40.000 73 0.0 7.2 Kyrgyzstan 
1924-07-12 40.565 73.397 25.0 6.6 Kyrgyzstan 
1946-11-02 41.849 71.805 39.8 7.3 Kyrgyzstan 
1992-05-15 40.998 72.469 30.3 6.2 Eastern Uzbekistan 
1992-08-19 42.110 73.607 13.0 7.2 Kyrgyzstan 
1992-08-19 42.111 73.588 17.1 7.2 Kyrgyzstan 
1992-08-19 42.151 73.521 2.3 6.0 Kyrgyzstan 
1992-08-19 42.064 73.285 18.2 6.6 Kyrgyzstan 
1992-08-19 42.046 73.241 16.3 6.6 Kyrgyzstan 




1.3.5.5 Landslide hazard  
Landslides are common hazard occurred in the mountainous areas of Central Asia. In 
this region, they are triggered by increasing slopes steepness related to geological 
processes, seismic activities, and meteorological and hydrological processes (Roessner 
et al., 2001). Earthquake-triggered landslides in rock and soil are a major geological 
hazard in the mountains of Central Asia including the Tien Shan mountain (Saponaro, 
Pilz, Bindi, & Parolai, 2015). Most landslides occur in foothill and mountain areas 
around 1000 to 2400 meters above sea level on slopes 19 degrees or steeper (depending 
upon soil type) (Thurman, 2011). In addition, much of the topography of the region is 
mantled by weakly consolidated sediments, being particularly prone to ﬂowslides 
triggered by seismic shaking and/or heavy (Saponaro, et.al, 2015). Landslides size can 
be hundreds of meters in width and as thick as 20 meters. Kyrgyzstan has at least 5,000 
landslides, of which 3,500 (Thurman, 2011) at various levels of activity are located in 
the southern especially, Fergana Valley (Roessner et al., 2001). From field observations 
confirmed that landslides) in the Maily-Say Valley, north of Fergana are generally 
located within soft sediments composed of clay material or loess overlying the 
limestone layers. The fieldwork revealed that many slope instabilities have their head-
scarps in the limestone layers. Landslide occurrence also spatially correlates with 
structural and morphological factors, such as strike-and-dip of the limestone layers, the 
slope aspect, slope angle, and curvature (Torgoev, Havenith, & Lamair, 2013). 
Landslides, mudslides and debris ﬂows caused an extensive number of casualties. Since 
this region is quite densely inhabited almost every year landslides lead to damage of 
settlements and infrastructure and loss of human lives (Saponaro, et.al, 2015). Every 
year, on average, landslides kill dozens of people and 700 houses are damaged or 
destroyed. On 14 April 1994, a major landslide in the Osh Jalal-Abad region killed 111 
people, affected 58,500 others and caused an economic loss of $36 million. Earlier, in 
March 1994, 51 people were killed by a landslide in the Uzgen region. Meanwhile, in 
April 2003 a landslide in the Uzgen district killed 38 people and affected 211 others, 
while in April 2004 two separate landslides in the Alay district and the Kara-Sogot 
region killed a total of 38 people and affected 96 others (UNISDR, 2015). 
Consequently, landslides can further trigger other trans-boundary hazards, such as lake 
outburst floods and the release of toxic and radioactive substances into river basins 
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(particularly in the Mailuu-Suu area, north of the Fergana Valley), with the potential to 
adversely impact a significant number of people (Saponaro, et.al, 2015). 
1.4 Earthquakes and landslides 
Seismically triggered landslides are widespread phenomena within tectonically active 
mountain ranges (Havenith & Bourdeau, 2010; Havenith, et al. 2003). Previously, 
landslides have been considered as minor effects compared to the impact of the 
earthquake itself (Havenith & Bourdeau, 2010). Until recently, earthquake-induced 
landslides have been documented and these landslides have caused tens of thousands of 
deaths and billions of dollars in economic losses during the present century. In some 
earthquakes, landslides have denuded thousands of square kilometres (Keefer, 1984). 
To understand the future susceptible earthquakes-induced landslides, assessing the 
spatial distribution of landslides triggered by an earthquake is important. The landslide 
occurrence related to slope gradient, distance from the earthquake source, and geology 
have been study after many earthquakes (Dai, Xu, Yao, Xu, Tu, & Gong, 2011). Keefer 
(2000) mapped 1280 landslides triggered by the 1989 Loma Prieta earthquake (M=6.9) 
and pointed out that the earthquake-induced landslide hazard may be correlated with 
slope, distance from a potential source, and rock type. Wang et al. (2003) identiﬁed 
approximately 10,000 landslides triggered by the 1999 Chi–Chi earthquake (M=7.5) 
from SPOT images, and it was found that the distribution of landslides could be 
correlated with epicentral distance and the effect of rock type on the landslide 
occurrence is signiﬁcant. Keefer (1984) grouped landslides by similarities in movement, 
internal disruption, and geologic environments into major categories including slides 
and falls, coherent slides, and lateral spreads and flows and the data from 40 historical 
world-wide earthquakes were analysed and the threshold magnitudes and minimum 
shaking intensities for landslide occurrence and the relationship between the maximum 
distances of landslides from the epicenter or fault rupture for each type of earthquake-
induced landslides were obtained.  
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1.5 Use of the deliverables and their limitation 
1.5.1 Use of the deliverables from this study 
The hard copy of this thesis will be stored in the British library. The users can access 
and download and use this thesis as a reference or example for landslide susceptibility 
assessment in mountainous area. The models created are grid based (raster-pixel), and 
as such each pixel has a probability value indicating the susceptibility of that particular 
unit of land surface. These models are referenced to the Universal Transverse Mercator 
(UTM) geographic coordinate system, and will be provide to local authority of 
Kyrgyzstan or others. The susceptibility maps may be overlaid onto land-use, 
engineering, geological/ geomorphological and development maps for decision-making 
purposes. These maps are suitable for GIS systems. Overall the landslide susceptibility 
modelling within the GIS has proved to be successful, and has generated the first 
landslide susceptibility for the Toktogul region of Kyrgyzstan, Central Asia. 
15.2 Limitation 
Although landslide inventory map is created through various sources including SPOT 
image, Google Earth images, and field investigation. However, the limitation of the 
landslide inventory was that recorded landslides were mostly identified through SPOT 
imagery. With the resolution of the image, there might be some smaller landslide that 
misidentified. There is therefore a need to confirm if the inventory was completed 
inventory or not. This can be done using aerial photo interpretation.  
The landslide controlling factors including landslide inventory map were created with 
limited input data. Therefore, less accuracy might be expected. 
1.4 Structure of thesis 
The thesis is presented in 8 Chapters as follows: 
Chapter 1 Introduction 
This chapter introduces background information including location, physiographic 
setting and climatic characteristics of the study and provides an overview of the 
research and states the purpose of the work including research objectives.  
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Chapter 2 Literature review 
This chapter provides definitions for landslide and landslide related terms as well as an 
outline of the general causes of slope instability. Moreover, there are several methods 
used to carry out landslide assessment, especially landslide susceptibility mapping. This 
chapter outlines the various types of landslide assessment methodology commonly used. 
Landslide assessment utilising GIS technology is also discussed. The chapter concludes 
by presenting and discussing the most suitable method for landslide assessment in the 
study area. Factors assumed to be conditioning slopes for failure, such as slope angle, 
slope aspect, and lithology are discussed in this chapter, as well as landslide triggers.   
Chapter 3 Methodology and data 
This chapter focuses on landslide susceptibility mapping models. Three different 
approaches for landslide susceptibility mapping are considered; frequency ratio, weights 
of evidence and logistic regression. Data used in the landslide susceptibility including 
raw data and landslide susceptibility input factor as it is believed that they are the 
fundamental conditions for slope failure. The method how to generate these factors and 
their classification are also discussed.   
Chapter 4 Study area: Landslide inventory and distribution   
This chapter provides an overview of the study area. The geological and tectonic setting 
of the study area is first discussed and then the landslide situation in the area will be 
presented. This chapter also discusses mapping of landslides inventory within the area 
using satellite image interpretation and field validation.  
Chapter 5 Landslide susceptibility applied for Toktogul region 
This chapter focuses on the result of landslide susceptibility maps by statistical, 
methods which are frequency ratio, weights of evidence and logistic regression 
methods. Landslide occurrence data collected from inventory mapping (Chapter 3) are 
compared with a number of factors (Chapter 3) to estimate their influence and 
contribution to slope instability. Based on statistical analysis, classes within each factor 
map and the factor maps themselves are given weightings reflecting their contribution 
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to landsliding. The weighted layers are then combined in GIS to create the susceptibility 
models.  
Chapter 6 Model validation and combing landslide susceptibility maps 
A landslide susceptibility map, once created, needs to be validated to establish its 
reliability, robustness, degree of fit and predictive capability. The comparison of 
landslide susceptibility models is also discussed. This chapter concludes with 
combining landslide susceptibility maps to enhance the final landslide susceptibility 
map for the area. 
Chapter 7 Discussion 
This chapter discusses the main finding of this research and also determines to what 
degree the aims and objectives outline are achieved. The successes of the landslide 
hazard susceptibility modelling exercise carried out for Toktogul region are discussed. 
Also, the limitations of the research are presented.   
Chapter 8 Conclusion 




Chapter 2 Literature review 
2.1 Introduction 
This chapter reviews literature regarding landslide recognition including terms and 
types of landslide as well as landside causes and triggers. Landslide susceptibility 
assessment is discussed; in particular the use of geographic information systems (GIS) 
in these assessments is also explained. Various types of landslide susceptibility 
techniques including qualitative (expert opinion based) and quantitative (statistical and 
physically based) methods are explored, along with consideration to the advantages and 
disadvantages when applying these to landslide susceptibility assessments. Finally, a 
discussion is given on the chosen methods for the landslide susceptibility assessment in 
the Toktogul Region. 
2.2 Landslide recognition 
Throughout this research a number of landslide related terms are used. In order to 
prevent any ambiguities and for a better understanding of what will be discussed in 
succeeding chapters, it is important that a clear definition of the terms commonly used 
to describe landslides and landsliding activities be included. The sections below provide 
these definitions, types and causes with examples where appropriate. 
2.2.1 Definition 
Over the years several terms and definitions have been proposed for the mass 
movement. Some common terms proposed include: Slope Failure (Ward, 1945 cited by 
(Miller, 2007), Landslide (Varnes, 1958); Mass Wasting (Yatsu, 1966 cited by (Miller, 
2007); Mass Movement (Hutchinson, 1968); Slope Movement (Varnes, 1978). 
"Landslide" defined as "the downward and outward movement of slope-forming 
materials, natural rock, soil, artificial fills, or combinations of these materials under the 
influence of gravity" by Varnes (1958) is one of most cited and recognisable definitions. 
However, the term 'slope movement' was later used by Varnes (1978) instead of 
"landslide" for the reason that Varnes believed that "landslide" only referred to one of 
the many processes which involved the mass movement of material downslope under 
the influence of gravity (Miller, 2007). Another commonly term used "mass movement" 
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proposed by Hutchinson (1968) in order to describe various forms of slope movement. 
Hutchinson's (1968) definition includes, not only the downslope movement of soil or 
rock material under the influence of gravity, but also stipulates that these movements 
should be without the direct aid of other media such as water, air or ice. Hutchinson 
(1968) also advocated the incorporation of all gravity dominated ground movement, 
including subsidence, shrinkage, creep, avalanche and heave, under the wider 
classification of mass wasting (Miller, 2007).  
2.2.2 Landslide types and behaviour 
The various types of landslides can be differentiated by the kinds of material involved 
and the mode of movement Therefore, numerous approaches to classification of slope 
movements have been made, those concerning the type of movement, material, velocity, 
morphology parameters, amount of water involved, velocity, climate, etc. The most 
common classifications are discussed briefly below.   
The most widely used classification scheme developed by Varnes (1978) divides 
landslides into different types according to the material and types of movement as 
shown in table 2.1. Another landslide classification that is well known is by Hutchison 
(1988). He used type of movement and morphology, which enables for a classification 
based only on field observation or the evaluation of landslides by means of on aerial 
photography as shown in Table 2.2. (Dikau, Brunden, Schrott, & Ibsen, 1996) 
determined landslide classification by a number of factors including the geology, 
material strength, slope configuration and external forcing such as pore water pressure 
as shown in Table 2.3. Hungr et al (2001) divided landslides, specifically flow type 
classified by Varnes (1978) and Hutchinson (1988) into a small number of classes based 
on movement mechanisms and material types as shown in Table 2.4.   
Among those classifications mentioned above, Varnes’ and Hutchison’s are the most 
widely used. The different approach followed by the two considered classifications can 
be well emphasised if the status of flow is considered. In the scheme of Varnes (1978) 
the mechanism of the movement assumes a fundamental value.  Following this 
approach, all slope movements involving significant internal distortion of a moving 
mass would be classes as flows. Morphology is the principal factor in Hutchison’s 
classification; phenomena with different mechanism are classed together as a function 
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of their overall behaviour. From this point of view, mudslides, flow slides, debris flows, 
and rock avalanches are all defined flow-like movement, and any commitment to a 
specific kinematic model is avoided. Varnes’s scheme is perhaps easier to apply and 
requires less expertise to use, Hutchinson’s classification has particular appeal to the 
engineering contemplating stability analysis. 
In mountainous area, landslides occur frequently triggered by earthquakes, or intense 
rainfall. Their occurrence greatly depends on slope topography and the presence of 
weathered rock mass or superficial deposits. They occur suddenly and usually move 
fast; and can cause great damage. Therefore, in mountainous area including this study, a 
landslide classified by Varnes (1978) is more appropriated on the basis of (1) the type of 
material that existed prior to the landslide and (2) the type of movement that dominates 
during the landslide. The types of material that might exist prior to a landslide are rock, 
soil, earth, mud, and debris. 
Table 2.1 Types of landslide  (Varnes, 1978) 
 TYPE OF MOVEMENT 
TYPE OF MATERIAL 
BEDROCK 
ENGINEERING SOILS 
Predominantly coarse Predominantly fine 
FALLS Rock fall Debris fall Earth fall 
TOPPLES Rock topple Debris topple Earth topple 
SLIDES 
ROTATIONAL 
Rock slide Debris slide Earth slide 
TRANSLATIONAL 
LATERAL SPREADS Rock spread Debris spread Earth spread 
FLOWS 
Rock flow  Debris flow Earth flow 
(deep creep) (Soil creep) 














Table 2.2  Landslide classification according to Hutchinson (1988). 
Rebound When ground is unloaded, either artificially by excavation or naturally 
by erosion, the unloaded area responds, initially elastically and 
subsequently by slow swelling 
Creep Any extremely slow movements which are imperceptible except through 
long-period measurement   
Sagging of 
mountain slopes 
A general term for these deep-seated deformations of mountain slopes, 
which, in their present state of development, do not justify classification 
as landslides. 
Landslide Relatively rapid downslope movements of soil and rock, which take 
place characteristically on one or more discrete bounding slip surfaces 
which divine the moving mass. 
Debris movement of 
flow like form 
Term covering five types of movement of flow-like form, which differ 
markedly in mechanism: non-periglacial mudslides, periglacial 
mudslides, flow slides, debris flows and sturzstroms.   
Topple A movement that occurs when the vector of resultant applied forces falls 
through, or outside a pivot point in the base of the affected block.   
Fall The more or less free and extremely rapid descent of masses of soil or 
rock of any size from steep slopes or cliffs.   
Complex slope 
movement 
The combination of two or more of the types of movements described 
above. 
 
Table 2.3 Landslide classification based on Dikau et al. (1996). 
Process Material 
Rock Debris Earth 
Fall Rock fall Debris fall Earth fall 
Topple Rock topple Debris topple Earth topple 
Rotational slide 
Single (slump) Single Single 
Multiple Multiple Multiple 
Successive Successive Successive 
Translational slide Block slide Block slide Slab slide 
Planar Rockslide Debris slide Mudslide 
Lateral spreading Rock spreading Debris spread Earth spreading 
Flow Rock flow Debris flow Earth flow 
Complex e.g. rock avalanche e.g. flow slide e.g. slump -earth flow 
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2.2.2.1 Falls  
A fall occurs when material moves mainly through the air by falling, bouncing, or 
rolling (Cruden & Varnes, 1996). A fall starts with the detachment of soil or rock from 
a steep slope along a surface on which little or no shear displacement takes place 
(Varnes, 1958). Falls, by their nature are sudden and rapid and may occur in rocks (rock 
fall), soil (soil fall) and debris (debris fall), or a combination of two or more materials. 
A common type of rock fall is wedge failure. This occurs where there are two or more 
planes of discontinuity or shear surfaces that intercept each other (Miller, 2007).   
2.2.2.2 Topples 
Topples is the forward rotation out of the slope of mass of soil or rock, about a point or 
axis below the centre of gravity of the displaced mass (Cruden & Varnes, 1996). 
Topples normally result when rocks are forced apart, normally along a vertical plane of 
weakness, by agents such as tree root growth, freezing of water trapped in joints, wind, 
mass movement upslope or even humans. The displaced block tends to rotate or pivot at 
the base before being 'toppled' over (Jones and Lee, 1994 cite by (Miller, 2007). 
2.2.2.3 Slides 
A slide is a downslope movement of soil or rock mass occurring predominantly on the 
surface of rupture or on relatively thin zones of intense shear strain (Cruden & Varnes, 
1996). Two subgroups are identified as: 
 Rotational slides move along a surface of rupture that is curved and concave 
(Cruden & Varnes, 1996). The movement results from forces that cause a 
turning moment about a point above the centre of gravity of the unit. 
 Translational slides occur when the mass displaces along a planar or undulating 
surface of rupture, sliding out over the original ground surface (Cruden & 
Varnes, 1996). The movement is frequently structurally controlled by 
discontinuities and variations in shear strength between layers of bedded 
deposits, or by the contact between firm bedrock and overlying detritus. A block 
slide is a translational slide in which the moving mass consists of a single unit or 




A flow is a spatially continuous movement in which surfaces of shear are short-lived, 
closely spaced, and usually not preserved. The distribution of velocities in the 
displacing mass resembles that in a viscous liquid. The lower boundary of displaced 
mass may be a surface along which appreciable differential movement has taken place 
or a thick zone of distributed shear (Cruden & Varnes, 1996). Flows are more elongated 
than the other types of mass movement, and contain three main elements: 
 The source area, which is described as the scarp; 
 The track, which is the elongated section that indicates the path over which the 
material moves, and; 
 The depositional fan which is at the base of the flow where the material comes 
to a rest and/or spreads out. 
2.2.2.5 Lateral spreads 
Spread is defined as an extension of a cohesive soil or rock mass, combined with a 
general subsidence of the fractured mass of cohesive material, into softer underlying 
material (Cruden & Varnes, 1996). The dominant mode of movement is lateral 
accommodated by shear or tensile fractures (Varnes, 1978). Lateral spreads involve the 
horizontal displacement of the surface. They often occur on gentle slopes. Lateral spreads 
can occur in rock but this process is not well documented and movement rates can be 
quite slow. They are more common in fine grained soils, such as clay, especially if the 
soil has been remodelled or disturbed by construction, grading or similar activities. Loose 
granular soils commonly produce lateral spreads through liquefaction. Liquefaction can 
occur spontaneously because of changes in pore-water pressure or in response to 
vibrations such as those produced by seismic activity. Lateral spreads typically damage 
pipelines, utilities, bridges, and other structures having shallow foundations. 
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Table 2.4 Classification of landslides of the flow types (Hungr et al, 2001) 
Name Material Water Content1 Special Condition Velocity 
Non-liquefied sand 
(silt, gravel, debris) 
flow 
Silt, Sand, Gravel, 
Debris (talus) 
Dry, moist or 
saturate 
- No excess pore-pressure 
- Limited volume 
various 
Sand (silt, debris, 
rock2) flow slide 





- Liquefiable material3 
- Constant water4 
Ex. Rapid 
Clay flow slide Sensitive clay At or above liquid 
limit 
- Liquefaction in situ3 
- Constant water content 
Ex. Rapid 
Peat flow Peat  Saturated - Excess pore-pressure Slow to very rapid 
Earth flow Clay or Earth Near plastic limit - Slow movement 
- Plug flow (sliding) 
< Rapid 
Debris flow Debris Saturated - Established channel5 
- Increased water content4 
Ex. Rapid 
Mud flow Mud At or above liquid 
limit 
- Fined grained debris 
flow 
>Very rapid 
Debris flood Debris Free water present - Flood6 Ex. Rapid 
Debris avalanche Debris Partly or fully 
saturated 
- No established channel5 
- Relatively shallow, steep 
source 
Ex. Rapid 
Rock avalanche Fragmented rock Various, mainly 
dry 
- Intact rock at source  
- Large volume7 
Ex. Rapid 
1 Water content of material in the vicinity of the rupture surface at the time of failure. 
2 Highly porous, weak rock (example weak chalk, weathered tuff, pumice). 
3 The presence of full or partial in situ liquefaction of the source material of the flow slide may be 
observed or implied. 
4 Relative to in situ source material. 
5 Presence or absence of a defined channel over a large part of the path, and an established deposition 
landform (fan). Debris flow is a recurrent phenomenon within its path, while debris avalanche is not. 
6 Peak discharge of the same order as that of a major flood or an accident flood. Significant tractive force 
of free flowing water. Presence of floating debris. 
7 Volume greater than 10,000 m3 approximately. Mass flow contrasting with fragmental rock fall. 
2.2.2.6 Complex landslides 
It is possible for more than one type of movement to occur within an unstable slope. 
When there are a number of different types of movement taking place at the location, 
this is known as a compound landslide. Therefore it is possible for rotational and 
translation movement to take place within the same mass of material. This is 
distinguished from a complex landslide, which involves the change in form/behaviour 
of a slide, for example from a rotational slide to a flow (Dikau et al., 1996)  
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2.2.3 Causes and triggers 
According to Corzier (1986) , there is a clear distinction in terms of activity between 
slopes which are undergoing movement and those which are static, it oversimplifies the 
issue to classify slopes as being either “Stable” or “unstable”. If a classification is 
required, it is better to view slopes as existing in one of three states; stable, unstable 






Figure 2.2 Stability states and destabilising factors (After Crozier, 1986) 
Stable slopes are those where the margin of stability is sufficiently high to withstand all 
transient forces. Marginally slopes are those which will fail at some time in response to 
transient forces attaining a certain level of activity. Actively unstable slopes are those in 
which transient forces produce continuous or intermittent movement. The concept of 
three stability states offers a useful framework for understanding the causes of 
instability which can be divided into three groups; 
1) Preparatory factors  
Preparatory factors which dispose the slope to movement are the factors making the 
slope susceptible to movement without actually initiating it and thereby tending to place 
the slope in a marginally stable state for example, reduction in strength by weathering, 
climate change, and tectonic uplift (Glade & Crozier, 2005). 
2) Triggering factors  
Triggering factors which initiate movement are the factors which shift the slope from a 
marginally stable to an actively unstable state. The most common triggering factors are 
intense rainstorms, prolonged periods of wet weather or rapid snowmelt, seismic 













erosion (Wilde, et al., 2002). Thus, if a slope is in a state of marginal stability it is 
possible to recognize a threshold value for the triggering factor that is responsible for 
initiating movement. The common triggering factors are usually external forces 
imposed on the slope and the initiating thresholds are thus referred to as extrinsic 
thresholds (Glade & Crozier, 2005). 
3) Controlling factors  
Controlling or perpetuating factors which dictate the condition of movement as it takes 
place; that is, factors which control the form, rate and duration of movement. 
Moreover, according to Greenbaum (1995), the causes of landslide occurrence at a 
given location depend on a number of conditions, which may be considered as 
controlling or causative factors and triggering events. Controlling factors can be broadly 
divided into material properties (rock and soil type, and insitu and post movement 
strength, etc.), and terrain conditions (slope, aspect, fracturing and cultivation, and land 
use/land cover, etc.). Triggering events of landslide can be divided into natural events 
and human activities. These include earthquakes, intense rainfall and possibly new 
construction and development. The followings are the most important causes of 
landslide around the world (Nationalatlas.gov, 2005). 
1. Landslide and Water 
A primary cause of landslides is slope saturation by water. This effect can occur through 
intense rainfall, snowmelt, changes in ground water levels, and water-level changes 
along shorelines, earth dams, bank of lakes, reservoirs, canals, and rivers. Landslide and 
flooding are closely affiliated because both are related to precipitation, runoff, and the 
saturation of the ground by water. In addition, debris flows and mudflows usually occur 
in small, steep stream channels that cause a special flood as a mixture of water and 
debris in the lowland areas. In contrast, landslide may be a cause of flooding by forming 
landslide dams that block valleys and stream channels, trapping large amounts of water 
to back up. This causes backwater flooding and, if the dam fails, subsequent 
downstream flooding. Solid landslide debris can increase volume and density to normal 
stream flow, or cause channel blockages and diversions flow direction of stream, which 
can create flood or localized erosion. Landslide can also cause overtopping of reservoirs 
and/or reduce the capacity of reservoirs to store water. 
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2. Landslides and Seismic Activity 
Many mountainous areas that are vulnerable to landslides have also experienced at least 
moderate rates of earthquakes occurrence in record times. The occurrence of earthquake 
in steep landslide prone areas greatly increases the likelihood that landslide will occur, 
due to ground shaking alone, material properties, ground water level, layering, 
fracturing and slope geometry. The dynamic effect is usually taken into account by 
correlations with peak ground acceleration (PGA) and/or shaking intensity distributions 
as well as with the proximity to the activated fault (Havenith, Strom, Jongmans, 
Abdrakhmatov, Delvaux, & Trefois, 2003).  
3. Landslides and Volcanic Activity 
Landslide due to volcanic activity is one of the most devasting types. Volcanic lava may 
melt snow at a rapid rate, causing a torrent of rock, soil, ash, and water that accelerates 
rapidly on the steep slopes of volcanoes, devasting anything in its path. These volume 
debris flows are also known as lahars. In many cases, not only lava based snowmelt 
may cause lahars but also rainfall leads to liquefaction of thick ash layers causing 
lahars. These lahars reach great distances, once they leave the flanks of the volcano, and 
can damage structures in lowland areas surrounding the volcanoes. 
4. Geotechnics of landslide 
4.1 Gravity 
One of the main forces responsible for mass movement is gravity. Gravity is the force 
that acts everywhere on the Earth's surface. On a slope, the force of gravity can be 
resolved into two components including 1) a component acting perpendicular to the 
slope or normal stress (σ) and 2) component acting tangential to the slope or shear stress 
(τ). On a steeper slope, the shear stress or tangential component of gravity increases and 
the perpendicular component of gravity decreases. Therefore, the down-slope 
movement of a material is favoured by steep slope angles which increase the shear 
stress, and anything that reduces the shear strength, such as lowering of the cohesion 
among the particles or the frictional resistance (Ahmed, 2009).  Figure 2.3 illustrates 
stresses acting within a slope can be illustrated by vectors, where a mass (m) is subject 
to acceleration of gravity (g) which can be differentiated into a normal stress (σ) and 
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shear stress (τ). Distribution of stresses depends on slope angle (β) and downslope force 
increases with higher slope angles. 
 
Figure 2.3 Stress vectors within a slope  (Thiebes, 2011)   
4.2 Shear strength 
Some other main inputs for a stability analysis of a landslide are shear strength of the 
materials that intersect the failure surface and magnitude of pore-water pressures, unit 
weight of materials involved (Stark, Choim & McCone, 2005). The shear strength of a 
soil is the resistance of a soil to failure in shear. The maximum value of the resisting 
shear at the time of failure is generally taken as the shear strength. This is a fundamental 
property that governs the stability of natural and constructed slopes. However, it is not a 
single value that causes the instability but is strongly influenced by loading, unloading, 
and especially, water content (von Elverfeld, 2010). The shear strength of a soil depends 
on the contact between the constituent particles and the forces which hold these 
particles together, the main components being friction and cohesion (Brass, 1991). 
4.2.1 Friction 
The main control on the strength of a soil is the frictional resistance between the particle 
contact points. The greater the number of contact points, the greater the friction. The 
number of contact points depends on the packing of the particles within the soil 
structure. Where packing is open with a uniform particle size, such as in sandy 
materials, there are few contact points and shear strength is low. Where packing is 
closer with a more irregular grain size there are more contact points and a higher shear 




If a shear force is applied to a cube of muddy soil or rock at zero normal pressure, the 
resulting shear deformation is accompanied by a measurable resistance. The resistance 
force per unit area is termed cohesion, and is measured in pascals (Pa). In natural soils, 
cohesion results from electrostatic bonds between clay and silt particles. Thus, soils 
devoid of clay or silt are not cohesive except for capillary forces arising when little 
water forms bridges between sand grains, resulting in negative pore pressure. Values of 
soil cohesion typically are of the order of some kPa. In contrast, rocks normally exhibit 
much greater cohesion, thousands of times larger than soils (De Blasio, 2011).  
4.3 Pore water pressure 
Another aspect that affects slope stability is pore water pressure.  In some cases water 
pressure can be built and the water would support the weight of the overlying rock/soil 
mass. When this occurs, friction is reduced, consequently the shear strength holding the 
material on the slope is also reduced, resulting in slope failure (Ahmed, 2009; Wang & 
Sassa, 2003). 
5. Geometrical change 
According to Asfaw (2010) there are some of the geometrical changes made by human 
activities which can induce landslide. These activities are: 
 Undercutting during construction of highways and railroads increases the 
average slope gradients, and increases the chance of slope failures.  
 Overloading of hillslopes by housing construction is common. This extra weight 
may increase the chance of slope failure; altering the hydrology may have 
dramatic effects on hillslope stability.  
 Clear cutting of trees promotes soil erosion and weakens the support of soils by 
tree roots. It also reduces evapotranspiration and raises the water tables.  
 Vibrations occurring in earthquake consequence by hydroelectricity lakes, or 
other artificial causes (machine activities, underground explosions). 
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2.3 Landslide inventory mapping 
A landslide inventory is the simplest form of landslide mapping. A landslide inventory 
map shows the location of landslide phenomena, the types, failure mechanisms, causal 
factors, frequency of occurrence, volumes and the damage that has been caused 
(Guzzetti et al., 1999; van Westen, Castellanos, & Kuriakose, 2008; van Westen, van 
Asch, & Soeters, 2006) and they are essential to understand the evolution of landscapes 
and are the most basic requirement for landslide hazard and susceptibility assessment 
(Alkevli & Ercanoglu, 2011). Landslide inventory maps can be defined as event 
inventories, which show all the slope failures as the result of a single trigger, such as an 
earthquake, a rainstorm or a rapid snowmelt, or historical inventories which show the 
cumulative effects of many landslide events over a period of several hundreds or even 
thousands of years (Guzzetti et al., 1999). Therefore, the accurate detection of landslide 
locations is very important for probabilistic landslide susceptibility analysis (Lee et al., 
2004).  
Landslide inventory maps are prepared using different techniques, depending on the 
goals, the extent of the study area, the scale of the maps, and the resources available 
(Galli, Ardizzone, Cardinali, Guzzetti, & Reichenbach, 2008; Guzzetti et al., 1999). A 
field survey is the best method for detecting landslides, but field surveys are difficult, 
time-consuming and costly, particularly over a large or mountainous area which is 
difficult to access or even impossible (Lee et al., 2004; Yang & Chen, 2010). Recently, 
the use of remote sensing for landside detection can help over the limitation of field 
survey (Mantovani et al., 1996; Nichol & Wong, 2005a, 2005b). A wide variety of 
remote sensing data for landslide identification and mapping has been used, including 
aerial photographs (Mantovani et al., 1996). Aerial photographs have been widely used 
in landslide mapping and zonation, because of the excellent spatial resolution and the 
stereoscopic viewing capability (Whitworth, Giles, & Murphy, 2005). Satellite images 
have been used in landslide studies since the mid 70s (Mantovani et al., 1996). 
 2.3.1 The use of remote sensing in landslide inventory mapping 
Since the beginning of their availability, remote sensing data has been an useful 
information  for landslide mapping (Roessner, Wetzel, Kaufmann, & Sarnagoev, 2006). 
In the following the currently available satellite remote sensing data are reviewed in 
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regard to their suitability for analyzing landslides. Special emphasis is put on their 
potential for generation of topographic information, identification of landslides.  
2.3.1.1 Currently available remote sensing data  
Remote sensing data derived from satellites are excellent tools in the mapping of the 
spatial distribution of disaster related data within a short period of time. Many different 
satellite based systems exist nowadays, with different characteristics related to their 
spatial, temporal and spectral resolution. Real time and near-real time satellite remote 
sensing may detect the early stages of these events as anomalies in a time series.  
Since the beginning of the 1980’s operational optical satellite remote sensing systems 
have been recording data with a spatial resolution of 30 m including Landsat-TM and 
Landsat-ETM (Roessner et al., 2006). Recently, new opportunities have been opened up 
with the availability of the higher and better satellites such as ASTER, SPOT, IKONOS, 
QuickBird and GeoEye-1. Table 2.5 gives an overview about the presently available 
systems. Most of these systems are equipped with multispectral sensors recording the 
spectral reflectance characteristics of the Earth's surface within discrete spectral bands 







Table 2.5 Technical parameters of some optical satellite remote sensing systems modified from Roessner et al. (2006) 
Parameter 
Multispectral 
Landsat-TM Landsat-ETM ASTER IRS-C SPOT-5 IKONOS QuickBird GeoEye-1 
I General         
Launch date March 84 April 99 Dec 99 Jan 96 May 02 Sep 99 Oct 01 Sep 08 
Mode Operational Operational Operational Operational Operational Operational Operational Operational 
Revisiting cycle 16 Days 16 Days Variable Variable Variable Variable Variable Variable 
Swath width (km) 185 185 60 63-141 60-120 11 16.5 15.2 
Stereo capability no no yes no yes yes no no 
Stereo resolution (m) N/A N/A 15 N/A 10 1 N/A N/A 
II Reflected spectrum         
Spatial resolution (m) 30 30 15-30 23-70 10-20 4 2.8 1.65 
Spectral range (um) 0.4-2.4 0.4-2.4 0.5-2.4 0.5-1.7 0.5-1.7 0.4-0.9 0.4-0.9 0.4-0.9 
Number of bands 6 6 9 4 4 4 4 4 
Spectral resolution (nm) 60-270 60-270 40-100 60-90 70-170 60-140 60-140 60-140 
III Thermal spectrum         
Spatial resolution (m) 120 60 90 N/A N/A N/A N/A N/A 
Spectral range (um) 10.4-12.5 10.4-12.5 8.1-11.6 N/A N/A N/A N/A N/A 
Number of bands 1 1 5 N/A N/A N/A N/A N/A 
Spectral resolution (nm) 2100 2100 300-700 N/A N/A N/A N/A N/A 
IV Panchromatic band         
Spatial resolution (m) N/A 15 N/A 6 2.5-5 1 0.7 0.41 
Spectral range (um) N/A 0.5-0.9 N/A 0.5-0.7 0.5-0.7 0.4-0.9 0.4-0.9 0.4-0.9 
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2.3.1.2 Remote sensing and landslide inventory mapping 
One of the most important steps in creating landslide susceptibility maps is to accurately 
determine landslides both location and area (Reis et al., 2012). Simple landslide 
inventory maps can be prepared based on the size of the area, the data obtained from the 
land, the quality of this data and the scale of the study (Nichol and Wang, 2005). These 
maps can be produced by gathering the information related with the landslides or by 
analyzing the data from remote sensing (Reis et al., 2012). Satellite images have been 
used in landslide mapping since the mid-seventies (Mantovani et al., 1996). It can be 
stated that the full capability of remote sensing data, regarding spatial, temporal and 
spectral resolution, are not fully exploited in landslide studies (Mantovani et al., 1996). 
The lack of high resolution satellite data had limited most satellite-based landslide 
studies to regional scale assessments (Nichol and Wang, 2005). Roessner et al. (2002) 
give an overview of platforms and sensors for monitoring large landslides in Central 
Asia. They gave an emphasis to the importance of developing automated techniques for 
landslide detection based on multitemporal images. Recently with high-spatial-
resolution and agile imaging capabilities, remote sensing have led to a new generation 
of aerospace sensors (Yang & Chen, 2010) including visual analyses of very-high 
resolution (VHR) digital elevation models (DEMs) obtained through LiDAR (Van Den 
Eeckhaut et al., 2012). Moreover, an increasing number of studies therefore targeted the 
development of automated techniques to extract relevant features from imagery 
(Stumpf, Malet, Kerle, Niethammer & Rothmund, 2013). The interpretation and 
analysis of satellite images including multispectral, panchromatic, and synthetic 
aperture radar (SAR) image (Mondini, Marchesini, Rossi, Chang, Pasquariello & 
Guzzetti, 2013). There were numbers of authors who used remote sensing data for 
landslide mapping such as high-resolution satellite imagery (Nichol, Shaker, & Wong, 
2006; Tsutsui et al., 2007), radar imagery (Colesanti & Wasowski, 2006; Kimura & 
Yamaguchi, 2000), LiDAR point clouds (Van Den Eeckhaut, Kerle, Poesen, & Hervás, 
2012; Van Den Eeckhaut, Poesen, Gullentops, Vandekerckhove, & Hervás, 2011; 
Ventura, Vilardo, Terranova, & Sessa, 2011), or aerial photographs (Mondini et al., 
2011; Mondini et al., 2013; Xu, 2014). Therefore, it could be stated that data from these 
recently available sensors are quite suitable and reliable for landslide mapping including 
identification and classification (Park & Chi, 2008). 
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2.3.1.3 Reliability for landslide mapping using remote sensing 
Recently, the use of remote sensing for landslide detecting is widely used. According to 
Metternicht et al., (2005), Remote sensing data is useful in various stages of landslide 
related studies, landslide detection, landslide monitoring and spatial analysis and hazard 
prediction. On the basis of researchers’ study and working experience, the researcher 
evaluated the effectiveness and reliability of remote sensing for landslide detection and 
landslide monitoring and hazard prediction. In general, remote sensing is considered to 
have a medium effectiveness/reliability for landslide studies (Tofani et al., 2014). 
Remote sensing techniques are affected by some limitations and critical points, which 
have to be addressed by the researchers and technicians to increase the effectiveness of 
the landslide detection, mapping and monitoring. The main challenge in this regard is 
the improvement of the spatial resolution and the shortening of the revisiting time 
(Tofani et al., 2014). Since use of remote sensing in detecting landslide is to separate 
landslides effectively from other features by automatic method; supervised and 
unsupervised classification or visual interpretation. However, the possible main sources 
of uncertainty of these methods are; 1) misregistration of the polygon boundaries in the 
different classifications and, therefore, the presence of border pixels with false positive 
or negative changes, 2) problems derived from classification errors: a false positive 
change may be recorded when no change has taken place because a polygon in one or 
both of the two maps is misclassified, or false negative changes, when no change is 
identified but a change has taken place (Pons, Serra, & Saurí, 2015). There are few 
techniques have been used to eliminate false positives/false negative which are easily 
missed by spectral classification alone such as change detection (Nichol and Wong, 
2005), object oriented analysis (Van Den Eeckhaut et al. 2007), pixel-based and object-
based methods (Keyport, 2013). However, although landslides identified and false 
positives/false negative removed, the accuracy of the results must be tested (Keyport, 
2013). In addition, another criterion that guide to reliability of landslide detection by 
remote sensing is size of landslide presented on imagery. Since sensors require many 
ground resolution cells for interpreting a landslide in its environmental setting, sensors 
with large pixel sizes are unable to identify smaller landslides (Nichol and Wong, 
2005). However, although the features can be detected, it may not be identified as a 
landslide without additional information obtained from the interpretation of surrounding 
contextual features (Nichol and Wong, 2005).  
 42 
 
2.3.2 Scale factor in analysis  
The scale at which landslide assessment is required will dictate the method selected to 
be used. Some methods are more suited to implementation at a particular scale than 
others (van Westen, 1993; Aleotti and Chowdhury, 1999; Haubin et al., 2005 and van 
Westen, 2005). The scale of the analysis often depends on the aims and objectives of the 
assessment. Factors dictating the scale at which a landslide assessment is implemented 
include the degree of precision required, the intended end use of the final map, and the 
resources available in terms of time, data, human resources and finance. The accepted 
standard scales, as defined by International Association of Engineering Geology's 
(IAEG) Monograph on engineering geological mapping (IAEG, 1976) are National  
Scale (<1:1,000,000), Regional/Synoptic Scale(<1:100,000),Medium Scale (1:25.000-
1:50.000) and Large Scale (>1:10,000). 
2.3.2.1 National Scale (<1/1,000,000)  
The national scale analysis is used only to outline the problem, give an idea about the 
hazard types and affected hazard prone areas. They are prepared generally for the entire 
country and the required map detail is very low, even in the best case giving only data 
based on records in the form of an inventory. The degree of the hazard is assumed to be 
uniform. These kinds of maps are generally prepared for agencies dealing with regional 
(agricultural, urban or infrastructure) planning or national disaster prevention/hazard 
assessment agencies. 
2.3.2.2 Regional/Synoptic Scale (< 1/100,000)  
The scale is still so small to be used in any quantitative method, but these maps are for 
regional planning and in early stages of appropriate region planning activities. The areas 
to be investigated are still too large, in an order of thousands of square kilometres, and 
the map detail is also low. Only simple methods are used with qualitative data 
combination and the zoning is primarily based on regional geomorphological Terrain 
Mapping Units / Complexes (TMU) or dependent on regional geological units. 
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2.3.2.3 Medium Scale (1/25,000 -1/50,000)  
These hazard maps are made mainly for agencies dealing with inter municipal planning 
or companies dealing with feasibility studies for large engineering works. The areas to 
be investigated will be of several hundred square kilometres. At this map scale, 
considerably more detail is required than at the regional scale. These maps do serve 
especially the choice of corridors for infrastructure construction or zones for urban 
development. Statistical techniques are dominantly used in this scale. 
2.3.2.4 Large Scale (> 1/10,000)  
These hazard maps are produced generally for authorities dealing with detailed planning 
of infrastructure, housing or industrial projects or with evaluation of risk within a city or 
within a specified project area. They cover very small areas hence the deterministic 
hazard analyses become available to be used. The detail level of the maps is set into a 
maximum. They are based on physical numerical models that require extensive data 
collection in the field and laboratory surveys. 
2.4 Landslide susceptibility mapping 
2.4.1 Landslide hazard and susceptibility mapping 
The most widely accepted definition for a natural hazard is that of Varnes (1984), who 
defines natural hazard as “the probability of occurrence within a specified period of 
time and within a given area of a potentially damaging phenomenon” (Carrara et al., 
1991; Guzzetti et al., 1999; Mantovani et al., 1996). The definition incorporates the 
concepts of magnitude, geographical location and time recurrence (Carrara & Pike, 
2008). The magnitude refers to the dimension or intensity of the natural phenomenon 
which conditions its behaviour and destructive power; the geographical location refers 
to the identification of the place where the phenomenon may occur; the time refers to 
the temporal frequency of the event (Carrara & Pike, 2008; Guzzetti et al., 1999). 
Landslides are a natural geomorphological process which helps in the shaping of the 
Earth's surface (Miller, 2007). Whenever these natural processes interfere with human 
activities, then they are likely to become a hazard. Humans and their properties may be 
vulnerable and at risk of serious damage and/or loss of life when landslides occur, 
(Miller, 2007). The terms for the interaction of landslides and human or human 
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activities include; hazard/susceptibility and risk. The International Society of Soil 
Mechanics and Geotechnical Engineering (ISSMGE) Technical Committee 32 (2004) 
defined these terms as: 
Landslide hazard should include “the location, volume (or area), classification and 
velocity of the potential landslides and any resultant detached material, and the 
probability of their occurrence within a given period of time”.  
Landslide susceptibility is “a quantitative or qualitative assessment of the 
classification, volume (or area), and spatial distribution of landslides which exist or 
potentially may occur in an area. Susceptibility may also include a description of the 
velocity and intensity of the existing or potential landsliding. Although it is expected 
that landsliding will occur more frequently in the most susceptible areas, in the 
susceptibility analysis, time frame is explicitly not taken into account”. 
Risk is “a measure of the probability and severity of an adverse effect to health, 
property or the environment. Risk is often estimated by the product of probability of a 
phenomenon of a given magnitude times the consequences. However, a more general 
interpretation of risk involves a comparison of the probability and consequences in a 
non-product form. For quantitative risk assessment the use of the landslide intensity is 
recommended”. 
Landslide hazard implies the assessment of spatial and temporal probabilities and the 
definition of type, magnitude, size and velocity of landslides (Dimierito, 2010). Not 
only do landslide hazard assessments include all magnitude, location, and time of 
landslide itself but also of both control (intrinsic) and triggering (extrinsic) factors 
(Ayalew & Yamagishi, 2005; Dahal et al., 2008). The trigger factors induce landslides 
in an area of given susceptibility, and may include heavy rainfall, earthquakes, 
volcanoes (Cevik & Topal, 2003) or snow melt (Malamud et al., 2004). The control 
variables determine the susceptibility of landslides and include bedrock geology, 
geomorphology, soil depth, soil type, slope gradient, slope aspect, slope convexity and 
concavity, elevation, engineering properties of the slope material, land use pattern, 
drainage patterns, and so on (Dahal et al., 2008). Furthermore, landslide hazard is 
difficult to assess because the occurrence of landslides is complex and terrain conditions 
vary with space and time (Carrara & Pike, 2008). Alternatively, the term landslide 
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susceptibility has been widely used (Akgün & Bulut, 2007; Ayalew et al., 2005; Ayalew 
et al., 2004; Dai et al., 2001; Lee et al., 2002; Lee et al., 2004; Nandi & Shakoor, 2010; 
Schicker & Moon, 2012; Süzen & Doyuran, 2004) instead of landslide hazard, as it is 
the relative hazard in a given area without any reference to time and magnitude (Dai & 
Lee, 2001; Dai et al., 2001). Landslide susceptibility is the likelihood of future landslide 
occurrence in a given area based on the basis of environmental factors (Nandi & 
Shakoor, 2010; Soeters & van Westen, 1996).  
The landslide susceptibility map is based on past landslide distribution and controlling 
factors (Nandi & Shakoor, 2010). Therefore, it is important to accurately detect past 
landslides, and to effectively determine the relationships between spatial data 
representing the physical conditions and landslide occurrences, in order to create 
reliable susceptibility to future landslides (Park & Chi, 2008). Traditional procedures 
for landslide susceptibility assessment and mapping were laborious and time-consuming 
(Dahal et al., 2008). Due to developments in geographic information systems (GIS) and 
computer applications it is now easier to carry out landslide susceptibility analysis 
(Dahal et al., 2008; Huabin et al., 2005).  
2.4.2 Landslide susceptibility methods 
There are several methods in landslides susceptibility mapping. Some are simple, 
especially those which rely on subjective assessment. Others depend on complex 
mathematical concepts and are difficult to easily understand (Ayalew et al., 2005). 
Ayalew et al. (2005) states that good reviews of landslide hazard/susceptibility methods 
are given in Mantovani et al (1996), Soeters and van Westen (1996), Aleotti and 
Chowdhury (1999), and Guzzetti et al (1999).  
Soeters and van Westen (1996) classified two basic methodologies of landslide hazard 
mapping as direct and indirect mapping methods. The first mapping methodology is the 
experience-driven applied-geomorphic approach. In this methodology, the earth scientist 
evaluates direct relationships between landslides and their geomorphic and geologic settings 
by employing direct observations during a survey of as many existing landslide sites as 
possible. The second approach is the indirect mapping methodology, which consists of 
mapping a large number of parameters considered to potentially affect landsliding and 
analyzing all these possible contributing factors with respect to the occurrence of slope 
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instability phenomena. In this way the relationships between terrain conditions and the 
occurrence of landslides may be identified. On the basis of the results of this analysis, 
statements are made regarding the conditions under which slope failures occur. 
Aleotti and Chowdhury (1999) classified landslide hazard/susceptibility assessment 
methods into qualitative and quantitative methods. Qualitative approaches involve the 
creation of landslide susceptibility maps based on the judgment of the person carrying out 
the assessment. As these maps are derived from the expert opinion of the person carrying 
out the assessment, they are also termed “expert evaluation techniques”. The quantitative 
methods involve the creation of hazard/susceptibility maps based on the use of statistics 
or information gained from deterministic methods. Figure 2.4 illustrate landslide 










Figure 2.4 Diagram shows landslide susceptibility methods (Modified from He and 
Beighley, 2008) 
In the qualitative approach, several maps representing the spatial distribution of 
physical parameters which may have influence on the occurrence of landslides are 
combined into a hazard map using subjective decision rules (Dai & Lee, 2002), based 
on the experience of geoscientists involved (Ayalew & Yamagishi, 2005; Dai & Lee, 
2002) and as such, are limited by subjective decision rules (Dai & Lee, 2002). The 
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susceptibility to failure based on similar geological and geomorphological properties. 
Several qualitative approaches include ranking and weighting, which may end up 
evolving to a semi-quantitative nature (Ayalew & Yamagishi, 2005).  
2.4.2.1 Qualitative methods 
In which a direct relationship is established between the occurrence of slope failures and 
the causative terrain parameters during the landslide inventory. Therefore, in this 
approach, the opinions of the experts are very important to estimate landslide potential 
from the data involving intrinsic variables. Similarly, assigning weight values and 
ratings to the variables is very subjective and the results are not reproducible.  
2.4.2.1.1 Inventory mapping 
It can be stated that landslide inventories are the simplest form of landslide mapping 
(Guzzetti et al., 1999). An inventory map records the location and, possibly the date of 
occurrence and types of landslides. However, landslide inventory maps cannot identify the 
landslide susceptible area unless landslides have already occurred (He & Beighley, 2008). 
The inventory map can be prepared using different techniques depend on 1) the reason the 
map is being prepared, 2) the extent of the study area, 3) the scales of base maps and aerial 
photographs, and 4) the resources available to carry out the work (Guzzetti et al., 1999). 
Landslide maps can be prepared by collecting historical information on individual landslide 
events, or from the analysis of aerial photographs coupled with field mapping (Malamud,  
Turcotte, Guzzetti, & Reichenbach, 2004). 
2.4.2.1.2 Expert evaluation 
Expert evaluation/ knowledge is developed through a combination of the theoretical 
understanding of a physical process and years of field experience of an expert (Zhu et 
al., 2014). The basic of landslide susceptibility mapping based on an expert knowledge 
approach is to obtain the relationships between landslide susceptibility and controlling 
factors for a certain study area directly from local landslide experts and then apply these 
relationships to an evaluation of the landslide susceptibility in the study area (Zhu et al., 
2014). Compared to the statistical functions used in data-driven models for geographical 
modelling, expert knowledge has been purported to be more reliable, consistent, and 
generally applicable when the knowledge is formalized under Bayesian probability, 
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especially for large-scale projects (Lee, 2009; Zhu et al., 2014). Expert knowledge main 
disadvantages are subjectivity in the process of decision making, long-term information 
required on landslides and long field surveys (He & Beighley, 2008). Expert knowledge 
can be divided into heuristic methods and geomorphologic analysis. 
2.4.2.1.2.1 Heuristic approach 
Heuristic approach is a direct or semi-direct mapping method, in which a direct 
relationship is established between the occurrence of slope failures and the causative 
terrain parameters during the landslide inventory (Ranjan Dahal et al., 2008) based on 
the expert opinions of a geomorphologist (Soeters & van Westen, 1996). In this method, 
the opinions of the experts are very important to estimate the potential occurrence of 
landslide from the data involving intrinsic variables (Dahal et al., 2008). Instability 
factors are ranked and weighted in accordance with the assumed or expected role played 
by each in controlling the development of mass movements (Guzzetti et al., 1999) and 
entered into the model to estimate landslide susceptibility (Dai & Lee, 2001). The  
advantage  of  this  method  is  that  each  individual  polygon  outlined  on  the  map  
can  be  evaluated  separately,  based  on  its  unique  set  of  conditions (Barredo, 
Benavides, Hervas, & van Westen, 2000).  The limitation of the heuristic approach is 
that weighting and ratings are assigned subjectively to the variables and that the 
reproducibility of results (Dahal et al., 2008; Dai & Lee, 2001). Heuristic methods are 
also limited  in  their  reliability,  which  largely  depends  on  the  investigator  and  
their knowledge  and  understanding  of  the  geomorphological  processes  that  may  be 
impacting  the  terrain (Guzzetti et al., 1999). 
2.4.2.1.2.2 Geomorphologic approach 
Possibly the simplest of the qualitative methods is geomorphologic analysis which was  
frequently  used  in  the  1970s  and  1980s  (He  and  Beighley,  2008).  The estimation 
of actual and potential slope failures in geomorphologic analysis relies on the ability of 
the investigator (Guzzetti et al., 1999). For qualified scientists, this method can be done 
in the field rapidly, basing their experience on similar situations (He and Beighley, 
2008). The method is based on the recognition of existing and past landslides, on the 
scrutiny of the local geological and morphological setting, and on the study of site-
specific and historical information on past landslide events (Cardinali et al., 2002). 
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2.4.2.2 Quantitative methods 
Quantitative methods  are based on numerical expressions of   the relationship between 
landslides and controlling factors (Ayalew & Yamagishi, 2005). These methods need 
much less human judgment and experience to produce and run susceptibility models 
(Ercanoglu & Gokceoglu, 2004).  There are two types of quantitative methods, which 
are deterministic and statistical (Ayalew & Yamagishi, 2005). 
2.4.2.2.1 Deterministic approach 
Deterministic methods are increasingly used in the hazard analysis of larger areas, 
especially with the aid of GIS techniques, which can handle the large number of 
calculations (Soeters & van Westen, 1996). The deterministic method is an engineering 
approach which utilises slope instability analysis, to evaluate a factor of safety based on 
mathematical models of physical mechanisms which control slope failure (Ayalew & 
Yamagishi, 2005; Yalcin, Reis, Aydinoglu, & Yomralioglu, 2011a). A deterministic 
method that is usually applied for translational landslides is the infinite slope model 
(Soeters & van Westen, 1996).  
This method is mainly applicable only when the geomorphic and geologic conditions 
are relatively uniform over the entire study area and the landslide types are relatively 
known and relatively easy to analyze (Dahal et al., 2008; Soeters & van Westen, 1996; 
van Westen & Terlien, 1996). These methods require correct knowledge of failure 
mechanisms, detailed geotechnical and hydrological data for individual  slopes and  
often  require  groundwater  models (Soeters & van Westen, 1996). The limitations of 
these methods are that slope specific geotechnical and hydrological data is often 
difficult to acquire over wide areas and deterministic approaches can only be effectively 
applied to small areas (Ayalew & Yamagishi, 2005; Yilmaz, 2009).  
2.4.2.2.2 Statistical approach 
Statistical approach is when the analysis of the combinations of factors that have led to 
landslides in the past are determined statistically (Ayalew & Yamagishi, 2005; Ranjan 
Dahal et al., 2008; Soeters & van Westen, 1996; Yalcin et al., 2011a), and quantitative 
predictions are made for areas currently free of landslides but where similar conditions 
exist (Soeters & van Westen, 1996). Statistical approaches are now considered the most 
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appropriate techniques for landslide susceptibility assessments (Dai et al., 2001) as they 
are objective, easily updated, and reproducible (He and Beighley, 2008). Two different 
statistical approaches are used in landslide hazard analysis: bivariate and multivariate. 
1. Bivariate statistical analysis 
In bivariate statistical analysis, each causal factor map (for  example,  geology,  slope,  
land  use ) is combined with the landslide distribution map and weighting values are 
calculated for each causal factor class (Soeters & van Westen, 1996; Süzen & Doyuran, 
2004) in order to rank the corresponding classes according to their role in landslide 
formation. Ranking is normally carried out using landslide densities (Ayalew & 
Yamagishi, 2005). This method assumes that the factors are not correlated with each 
other (Suzen & Doyuran, 2004). 
Bivariate approaches are considered to be robust and flexible methods, but they have 
several limitations (Thiery, Malet, Sterlacchini, Puissant, & Maquaire, 2007). 
Limitations can include a loss of data quality and accuracy with oversimplification of 
input thematic data, as well as a loss of data sensitivity in forced individual analysis of 
causative factors (Thiery et al., 2007).   
To apply bivariate analysis, continuous factor maps have to be converted to categorical  
(discrete) maps before responsible weights for each class can be computed (Süzen & 
Doyuran, 2004). The conversion of continuous factor values to discrete tends to rely on 
expert opinion in setting the class boundaries (Süzen & Doyuran, 2004). There are 
different bivariate statistical methods, these include frequency ratio (Pradhan & Lee, 
2010a, 2010b; Yalcin, 2008; Yalcin et al., 2011a; I. Yilmaz, 2009), weights of evidence  
method (Dahal et al., 2008; Dahal et al., 2008; Regmi, Giardino, & Vitek, 2010),  
information value method (Soeters & van Westen, 1996; Süzen & Doyuran, 2004),  
Bayesian probability models, and certainty factors (Soeters & van Westen, 1996). 
2. Multivariate statistical analysis 
Unlike bivariate statistical analysis, which only looks at the importance of individual 
factors, multivariate analysis assesses the impact of various combinations of factors that 
may contribute to slope instability (Aleotti & Chowdhury, 1999). In multivariate 
statistical analysis, the weights of causal factors controlling landslide occurrence 
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indicate the relative contribution of each of these factors to the degree of hazard within 
a defined land unit (Suzen & Doyuran, 2004; Yesilnacar & Topal, 2005) and there are 
usually several factors acting together in contributing to slope instability, and landslide 
assessment should be carried out by examining them together (Miller, 2007). The 
assumption is that in an area of known landslide occurrence, the landslide occurrence 
(dependent variable) is related to the landslide causal factors (independent variables) 
generally in a log-linear way (Park & Chi, 2008). With statistical programs and 
computers available that can handle a large amount of data, using multivariate analysis 
is now even more beneficial than bivariate statistical analysis (Miller, 2007). The most 
commonly implemented multivariate statistical approaches are logistic regression (Can, 
Nefeslioglu, Gokceoglu, Sonmez, & Duman, 2005; Lee, 2007; Lee & Min, 2001), 
discriminant analysis (Guzzetti, Reichenbach, Ardizzone, Cardinali, & Galli, 2006) and 
artificial neural network (Ermini, Catani, & Casagli, 2005; Yesilnacar & Topal, 2005). 
Discriminant analysis classes observations into two mutually exclusive possible 
outcomes, either a landslide has occurred, or has not occurred, and creates coefficients 
to express the difference between the two outcomes (Ohlmacher & Davis, 2003).  
Logistic regression requires fewer assumptions than discriminant analysis and attempts 
to find the best fitting function that describes the relationship between the set of 
predictor variables and the dependent variable (Ayalew & Yamagishi, 2005). Logistic 
regression was found to be the most suitable approach for the present study (Nandi & 
Shakoor, 2010). In this analysis, spatial distribution of landslides is assessed on the 
basis of interaction of only statistically significant instability factor data, insignificant 
data are excluded from consideration. Additionally, logistic regression analysis is free 
of data distribution issues and can handle a variety of datasets, such as continuous, 
categorical, and binary, common types of instability factor data used in landslide studies 
(Nandi & Shakoor, 2010; Suzen & Doyuran, 2004; Yesilnacar & Topal, 2005). 
Artificial neural network methods have increasingly been applied since the late 1990s  
(Ermini et al., 2005). Artificial neural  networks  are  computational  mechanisms  that  
can  organise  and  correlate information  allowing  a  different  view  of  complex,  
poorly  understood  and/or resource intensive problems that other statistical methods 










Methods/ Techniques of 
Analysis 
Summary References 
Qualitative Heuristic approach The relationship between landslide occurrence and the 
causative terrain parameters depends landslide inventory  
based on the expert opinions of a geomorphologist 
Barredo, et al., 2000; Ruff & Czurda, 2008 
Geomophological approach The method is based on the recognition of existing and past 
landslides, on the scrutiny of the local geological and 
morphological setting, and on the study of site-specific and 
historical information on past landslide events. 
Cardinali et al., 2002 
Quantitative  
 
Deterministic approach The method utilises slope instability analyses to evaluate a 
factor of safety based on mathematical models of physical 
mechanisms which control slope failure 
Gökceoglu & Aksoy, 1996; C. J. van Westen & Terlien, 1996;  
Xie, Esaki, Qiu, Wang, & Wang, 2009;  Xie, Esaki, Zhou, & 






In the model, each causal factor map is combined with the 
landslide distribution map and weighting values based on 
landslide densities are calculated for each causal factor class 
Bai et al., 2009; Dahal et al., 2008; Lee & Choi, 2004; Nandi 
& Shakoor, 2010; Pradhan & Lee, 2010b; Suzen & Doyuran, 




Multivariate analysis assesses the impact of various 
combinations of factors that may contribute to slope 
instability. Weights of causal factors controlling landslide 
occurrence indicate the relative contribution of each of these 
factors to the degree of hazard within a defined land unit 
Akgün & Bulut, 2007; Ayalew & Yamagishi, 2005; Ayalew et 
al., 2005; Can et al., 2005; Lee, 2004;  Lee et al., 2004; 
Yesilnacar & Topal, 2005 
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2.4.3 Geographic Information Systems (GIS) and landslide susceptibility mapping 
2.4.3.1 Concept of GIS 
A geographic information system (GIS) is a computer-based system for data capture, 
input, manipulation, transformation, visualization, combination, query, analysis, 
modelling and output, with its excellent spatial data processing capacity (Carrara, 
Guzzetti, Cardinali, & Reichenbach, 1999; Dai & Lee, 2001; Huabin et al., 2005). GIS 
offers the ability to quickly and efficiently manipulate and output large volumes of data 
for large geographical areas. The speed at which large amounts of data can be analysed 
far exceeds that of traditional methods of carrying out landslide hazard analysis  (Miller, 
2007). GIS also enables the application of complex techniques which would not 
otherwise be feasible and practical, particularly for large areas if done manually (Suzen, 
2002). Using GIS, when new information becomes available, maps can be easily 
updated and the analysis can be carried out easily (Miller, 2007). There are many 
published technical papers dealing with the use of GIS. The current trends are generally 
towards the development of early-warning systems and enhancement of land-utilization 
regulations for minimizing the loss of life and property damage and, in the mean time, 
avoiding investment in long-term, often expensive, projects of slope stabilization 
(Huabin et al., 2005). 
2.4.3.1 Role of GIS in landslide susceptibility mapping 
Natural catastrophes are controlled by or dependent on a large and complex set induced 
factors both human and environmental. Each type of catastrophe requires forecasting 
appraisals that are often founded upon different methods, techniques and tools. GIS is 
one of the tools that is widely used in predicting natural disasters including landslide 
susceptibility models (Huabin et al., 2005) because of its ability for handling a large 
amount of data (Oh & Pradhan, 2011). Since the mid 1980s, GIS has become a very 
popular technology used in natural hazards assessment, including landslides (Carrara et 
al., 1999; Chau et al., 2004). With the advance in application of GIS, it has been 
widespread in its use to understand slope failure and contribute to the evolution of 
mass-movement (Alexander, 2008). GIS is very suitable for indirect landslide 
susceptibility mapping, in which all possible landslide contributing terrain factors are 
combined with a landslide inventory map, using data-integration techniques such as 
statistical model (Carrara et al., 1999; Van Westen, 2004). However, there is less 
 54 
 
publications in which GIS is used in combination with a heuristic approach (Van 
Westen, 2004). 
The number of recent publications on various methods for GIS based landslide hazard 
assessment is overwhelming (van Western, 2004) as shown in Table 2.7 and 2.8. Some 
of these GIS-based hazard analyses focus on earthquake-induced landslides (Lee & 
Evangelista, 2006; Refice & Capolongo, 2002), and some on rainfall-condition-induced 
landslides (e.g. (Dahal et al., 2008; Lepore, Kamal, Shanahan, & Bras, 2012; Li, Chen, 
Tang, Zhou, & Zheng, 2012).  
However, GIS technology is still fraught with difficulty because of many factors, such 
as the difficulty in appropriate raw data acquisition, the complex of predictive models, 
the lack of efficient graphical user, and the high cost of digitization (Huabin et al., 
2005). GIS software can possibly be very complex and difficult to understand and use. 
If suitable, trained personnel are not available, it is time consuming and expensive to 
train new users (Miller, 2007). The software is also very expensive and this can act as a 
deterrent to its use. Another disadvantage of GIS is that if the base data are not readily 
available, a large amount of time is needed for data entry. Also, where data are obtained 
from secondary sources, it is difficult to verify and quantify the quality of the data 
which may contain a varying degree of unknown errors. Combination of layers 
containing errors within a GIS will lead to error propagation, which may result in 
misleading information in the final output (Miller, 2007). 
The benefits of using GIS for landslide hazard assessment far exceed the disadvantages.  
The major disadvantages mentioned above relate more to its acquisition, data 
availability and quality, and user capabilities rather than to the tool itself. Therefore, if 
competent users are recognised and strict quality assurance is maintained, then this will 






Table 2.7 Summary of the current GIS statistical techniques used to calculate landslide hazard from input data 




Bi-variate This method derives weightings by analysing the 
area of landslides within each dataset as a ratio of 
total landslide coverage in the study area. Landslide 
susceptibility is then calculated through summation 
of the frequency ratios.  
All these statistical methods 
require information on 
landslide distribution 
(landslide inventory) and 
input parameters such as 
topographic parameters, 
geological data, proximity to 
faults and rivers, soil type 
and land cover.  
The choice of input 
parameters will depend on 
local conditions and known 
contributory factors.  
Lee & Dan (2005) 
Lee & Talib (2005) 
Weights of 
evidence 
Bi-variate This method using the Bayesian probability model 
to calculate factors based upon the input factors and 
landslide distribution 
Akgun, Dag, & Bulut (2008); Quinn, 
Hutchinson, Diederichs, & Rowe 
(2010); Regmi et al. (2010) 
Logic regression Multivariate This method attempts to find the best fitting model 
to describe the relationship between the presence or 
absence of landslides based upon a set of input 
parameters.  
Nandi & Shakoor (2010) 




Multivariate A discriminant function is generated using a 
random sample of cells from GIS to evaluate the 
weightings from each input parameter. The 
resulting discriminant function is then applied to the 
whole map.  
Rossi, Guzzetti, Reichenbach, 
Mondini, & Peruccacci (2010) 
Artificial Neural 
networks 
Multivariate A neural network of nodes is used to generate the 
weightings that are then assigned the input data to 
generate the output landslide susceptibility map.  
Ermini et al. (2005); Pradhan & Lee  




Deterministic  Method involves application of Monte Carlo 
simulation to a GIS based deterministic model to 
derive a probability of failure or the derivation of 
distributions through analysis of the landslide 
inventory to generate a probabilistic model.  
Geotechnical data, failure 
depths and groundwater 
conditions. Distributions of 
size, age and extent extracted 
from landslide inventory.  
Shou, Chen, & Liu (2009) 
Guzzetti, Reichenbach, Cardinali, 







Table 2.8 Summary of some published studies in GIS techniques used in landslide susceptibility analysis 
Study Location and purpose Method of analysis Technique Result 
Gökceoglu & 
Aksoy (1996) 
To prepare  a  landslide  
susceptibility  map in 
Mengen region (Turkey) 
Bivariate analysis Deterministic stability 
analyses 
The landslides observed in the study area are in the form 
of successive shallow circular slid. According to the 
results of the sensitivity analyses, cohesion was effective 
at a  rate of 70%, angle of internal  friction at rate 30% 
Van Westen & 
Terlien (1996) 
To evaluate the stability 
to produce landslide 
hazard map of the entire 
city of Manizales 
(Colombia) 
Bivariate analysis Deterministic models The results presented as probability values within a 20 
year design period shows that it will be very likely that a 
translational slide may occur within a 20 year period. The 
final hazard map was checked with the occurrences of 
landslides and result leads to the conclusion that the 
resulting safety factors and probability values should not 
be used as absolute values 
Xie et al (2003) Establish a new 
correspondent GIS grid-
based 3D deterministic 
models in order to 
calculate the safety factor 
of the slope in Qingjiang 
Geheyan Hydropower 
reservoir (China) 
Bivariate analysis GIS Grid-Based Data 
and 3D Approach of 
Limit Equilibrium 
Algorithm 
The results show the correction and potential of this GIS-
based tool as a means of assessingthe 3D stability of a 
slope. A practical slope problem has also been evaluated 
using the 3DSlopeGIS system, and the results have 
illustrated the convenience of data management 
Lee (2004) Landslide Susceptibility 
Mapping in Jang-hung, 
Korea, 
Multivariate analysis Likelihood ratio and 
Logistic regression 
The logistic regression model (73%) showed a higher 
accuracy than Likelihood ratio (61%). 
Yalcin et al 
(2011) 
Landslide susceptibility 







process, and logistic 
regression 
The result show the high and very high susceptibility 
zones found by the FR,AHP, Wi, and Wf, LR methods 
contain 60.98%, 62.71%, 62.56%, 93.29%,and 42.58% of 







Table 2.9 Summary of some published studies in GIS techniques used in landslide susceptibility analysis (continued) 
Study Location and purpose Method of analysis Technique Result 
Pradhan (2010) landslide hazard analysis on the 
Penang, Cameron, and Selangor 
areas in Malaysia 
Multivariate analysis Logistic regression Among the three cases of the application The case 
of Selangor based on the Selangor logistic 
regression coefficients showed the highest 
accuracy (94%), where as Penang based on the 
Penang coefficients showed the lowest accuracy 
(86%).  
Xu, Xu, Dai, & Saraf 
(2012)  
To apply and verify earthquake-
triggered landslide hazard 
analysis techniques by using 
weight of evidence modelling in 
Sichuan Province, China. 
Bivariate analysis Weight of evidence The hazard map show five classes of landslide 





to investigate the landslide 
susceptibility mapping using 
three statistical models 




Three landslide susceptibility maps were 
constructed and. The validation results showed 
that the area under the curve for frequency ratio, 
Dempster–Shafer, and weights-of-evidence 
models are 0.8013, 0.7832, and 0.7460  with 
prediction accuracy 75%, 73%, and 69% 
respectively 
Dong, Tung, Chen, 
Liao, & Pan  (2009) 
To use a statistical model for 
predicting slope instability in 
Japan 
Multivariate analysis Discriminant analysis The result show the high overall prediction power 
(88.4% of the 43 training cases are correctly 




2.5 Method chosen in this study 
Methods chosen for the modelling landslide susceptibility within the Toktogul Region 
are statistical approach including frequency ratio, weight of evidence, and logistic 
regression. All methods will be adapted and combined for this study to create the final 
susceptibility map. In a statistically-based method, the landslide distribution map is 
compared with the various factor maps using a selected statistical method. By using 
statistical analysis the factor and/or combination of factors that have resulted in slope 
instability in the past are determined. Quantitative predictions can then be made for 
areas where no landslides are currently present, but which have similar conditions to 
those where landslides exist. The statistical method used will have its own rule on how 
weighting is assigned to the individual factor layers and how the weighted layers must 
be combined.  
2.5.1 Choice for bivariate statistical model 
The frequency ratio method was chosen because it is simple, logical and has the ability 
to be executed without the need for sophisticated software packages. Weights of 
evidence was also bivariate analysis that was chosen because it determines weights 
calculated using prior probabilities and is readily implemented using categorical data. 
The comparison of the result from these two bivariate analyses will be presented. Many 
studies have been carried out using frequency ratio and weights of evidence in 
mountainous areas. For example, Thiery et, al. (2007) applied weights of evidence to a 
complex mountainous environment in the Barcelonnette Basin (France).  Mohammady, 
Pourghasemi and Pradhan (2012) used frequency ratio and weights of evidence for 
landslide susceptibility mapping at Golestan Province, Iran. Ozdemir and Altural (2013) 
comparared frequency ratio, weights of evidence and logistic regression methods for 
landslide susceptibility mapping in Sultan Mountains, southwest Turkey.  
2.5.2 Choice of multivariate statistical model 
One of the major assumptions of discriminant is that only continuous variables should 
be used for carrying out the analysis. There is however a number of variables in 
landslide hazard analysis, for example lithology, that constitutes discrete data. Using 
these data in the analysis violates the assumption of these methodologies. If there is a 
multivariate statistical method that will readily use both continuous and categorical 
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data, then it would be a more suitable method to use in carrying out the analysis. The 
discriminant analysis requires that the data be normally distributed before the data can 
be analysed. Logistic regression is a robust enough method to be used with data that are 
not normally distributed. Logistic regression may be used with either categorised 
variables, and/or continuous variables. Additionally, it has another major advantage 
over other statistical methods that makes it highly suitable for the creation of hazard 
maps. It is the only multivariate method where the dependent variable can be both categorical 
and dichotomous (only two mutually exclusive outcomes). In this case the dependent 
dichotomous variable is landslide that can either be present or absent. The absence of a 
landslide is assigned a value of “0” and the presence of a landslide a value of “1”. 
There are many studies using logistic regression for landslide susceptibility mapping in 
mountainous areas. For example, Ayalew and Yamagishi (2005) studied landslide 
susceptibility mapping in the Kakuda-Yahiko Mountains, Central Japan using GIS-
based logistic regression model.  Akgun and Bulut (2007) GIS-based logistic regression 
for landslide susceptibility mapping in Arsin-Yomra (Trabzon, North Turkey) region. 
Mancini, Ceppi and Ritrovato (2010) used GIS and statistical analysis (logistic 
regression) for landslide susceptibility mapping in the Daunia area, Italy. Therefore, 
logistic regression was therefore chosen as the preferred statistical method for use in 
this study. Additionally, this method was chosen because:  
1. Both categorical and continuous independent variables can be used.  
2. The data need not be normally distributed.  
3. The dependent variable landslide is dichotomous.  
4. The results can be expressed directly as probabilities. 
2.6 Summary 
Varnes (1958) defined "Landslide" as "the downward and outward movement of slope-
forming materials, natural rock, soil, artificial fills, or a combination of these materials 
under the influence of gravity" which is one of most cited and recognisable definitions. 
Landslides are typically described based on physical geometry and morphological 
characteristics providing an understanding of landslide behaviours, and can be divided 
into various types by the kinds of material involved and the mode of movement such as 
fall, topple,  slide, flow,  lateral spread, and complex slide.  
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Landslide hazard assessments include all magnitude, location, and time of both control 
and triggering factors. However, it is difficult to predict all three essential attributes. 
Therefore, the term landslide susceptibility has been widely used instead of landslide 
hazard.  Landslide susceptibility is the likelihood of future landslide occurrence in a 
given area based on the basis of environmental factors. There are several methods in 
landslides susceptibility mapping including qualitative and quantitative approaches. 
Each method has its advantages and disadvantages. Statistical method which is one of 
quantitative approaches was found to be the most commonly used as it is objective, 
easily updated, and reproducible.  
It  was  determined  that  based  on  the data available  the  scale  at  which  assessment  is  
to  be undertaken,  statistical susceptibility  mapping methods  implemented  within  a GIS 
is the most suitable  approach  for landslide susceptibility  modelling  for  the  study  area. 
The methods chosen were frequency ratio, weight of evidence, and logistic regression. 
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Chapter 3 Methodology and data 
3.1 Introduction 
This chapter elaborates the methods and data used to conduct the analyses and build the 
landslide susceptibility models. The research method was implemented in six phases as 
seen in figure 3.1 and stated as below; 
1. Landslide inventory mapping using satellite image  
2. Creation of landslide controlling factors   
3. Field reconnaissance  
4. Susceptibility model 
5. Model validation 
6. Combining landslide susceptibility models 
3.2 Susceptibility methods 
Methods chosen for the modelling landslide susceptibility within the Toktogul Region 
are statistical approach including frequency ratio, weight of evidence, and logistic 
regression. All methods will be adapted and combined for this study to create the final 
susceptibility map. The statistical methods were chosen because they have assumed 
importance in recent years and preferred over the heuristic methods as heuristic methods 
are those that identify the spatial distribution of instability directly from existing 
landslides and/or specific knowledge of areas of potential instability. Therefore, its 
reliability depends on how well and how much the researcher understands the 
geomorphological processes acting upon the terrain. Instability factors are classified, 
ranked and weighted according to their assumed or expected importance in causing 
mass movements. On the other hand, a statistically-based method, the landslide 
distribution map is compared with the various factor maps using a selected statistical 
method. By using statistical analysis the factor and/or combination of factors that have 
resulted in slope instability in the past are determined. Quantitative predictions can then 
be made for areas where no landslides are currently present, but which have similar 
conditions to those where landslides exist. The statistical method used will have its own 
rule on how weighting is assigned to the individual factor layers and how the weighted 






















•  Success rate curve 
•  AUC 
Figure 3.1 Flowchart shows research methodology 
Landslide inventory Landslide factors 
SPOT 5 + Google Earth 
2,776 landslides 
SPOT DEMs Lithological map Landsat TM, ETM+ 
ASTER validation Aspect, Slope, Elevation, 
Drainages, Faults 








Combining susceptibility models 
Final susceptibility map 
Logistic regression model 
1st Season  
2nd Season  
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3.2.1 Frequency ratio 
3.2.1.1 Background  
When evaluating the landslide probability within a specific period of time and within a 
certain area, it is very important not only to recognize the factors that can cause the 
landslide but also the process that could trigger the movement (Yalcin et al., 2011a). 
The correlation between landslide areas and associated factors that cause landslides can 
be allocated from the connections between areas without past landslides and the 
landslide-related parameters. In order to construct the landslide susceptibility map 
quantitatively, the frequency ratio model was used by means of GIS. Frequency ratio 
methods are based on the observed associations between distribution of landslides and 
each landslide-related factor, to expose the correlation between landslide locations and 
the factors in the study area (Lee & Pradhan, 2006). The ratio is the ratio of the area 
where landslide occurred in the total study area, and also is the ratio of the probabilities 
of landslide occurrence to a non-occurrence for a given attribute (Lee & Talib, 2005). 
The frequency ratio method was chosen because it is simple, logical and has the ability 
to be executed without the need for sophisticated software packages and a key 
assumption using this approach is that the potential (occurrence possibility) of 
landslides will be comparable to the actual frequency of landslides.  
3.2.1.2 Spatial Data Analysis and Data Integration 
The spatial data analysis and integration or factor analysis is a step-by-step approach 
used to prepare a landslide susceptibility map of the study area (Figure 3.2).  There are 
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Figure 3.2 Flowchart shows method of constructing landslide susceptibility using 
frequency ratio method 
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1. Classifying the study area; study area in this study defined by the boundary of DEM. 
2. Identifying the factors contributing to slope instability and the creation of factor 
maps.  
3. Recoding of the classes each factor map. The weighting is normally based on 
bivariate statistical analysis in order to distinguish the contribution of each to 
landsliding. 
4. Overlaying the landslide distribution map over all the factor maps to get landslide 
occurrence ratio within each parameter class. An attributes table is constructed for 
factors based on the ratio constructed. 
5. The information is transferred to a GIS statistical interface. The statistical method 
used will determine the combination of factors which best predicts the presence and 
absence of landslides. The weighting values for the factors are usually determined at 
this stage and are then assigned to the selected factors within the GIS.  
6. The weighted factor maps are combined in the GIS, based on the rules of the 
particular statistical method used.  
7. The resulting susceptibility map is divided into susceptibility classes.  
The weights of evidence model calculates the weight for each predictive factor (B) 
based on the probability of its presence or absence with there being a landslide (L) or 
not (L-) within the area (Dahal et al., 2008). The output is a landslide susceptibility map 
which gives an indication of which landslides are more likely to occur based on past 
landslide occurrences and the causative factors (Neuhauser & Terhorst, 2007). 
Results from the weights of evidence model are mostly dependent on the quality of the 
landslide inventory map and the number of events and their estimation probabilities 
included in the model (Thiery et al., 2007). The estimated weights can be stable and 
realistic if the study area has a reasonable coverage of landslide events, but cautious 
interpretation of the result is required if the study area is characterised by rare events 




3.2.2.2 Basic assumptions   
In order to apply the weights of evidence method, past landslide data are necessary. The 
landslides that occurred in the past are used in weighting factors that mainly contribute 
to or cause landslides (Neuhauser & Terhorst, 2007). This primary assumption of this 
method is that factors and conditions which have resulted in past landslides will have a 
similar or equal effect in landslide occurrence in the future (Neuhauser & Terhorst, 
2007). In addition, it is assumed that the causative factors for mapping landslides 
remain almost stable over time. However, this assumption can be applied only for a 
single landslide type as landslide causes vary in different landslide types. Therefore, the 
method must be applied separately to each landslide type (Neuhauser & Terhorst, 
2007). Moreover, the factors that are used in GIS must be completed and suitable for 
predicting future landslide occurrence and interpreters have full knowledge about input 
factors (Neuhauser & Terhorst, 2007).  
The most important assumption in the applying weights of evidence of the Bayes 
probability theory model is that the factors are conditionally independent of each other 
with regard to landslide (L) occurrence (Neuhauser & Terhorst, 2007). The assumption 
can be described for the factors B1 (conditional independent 1, such as geology) and B2 
(conditional independent 2, such as slope) as follows: 
  𝑃{𝐵1 ∩ 𝐵2 𝐿⁄ }  = 𝑃{𝐵1/𝐿}  × 𝑃{𝐵2/𝐿}   3.2 
which is basically a simplification of the relationships in nature, but allows an 
individual assessment of the factors. The causative factors require a check of 
independence in order to assume conditional independence whether the dependent 
factors are rejected from subsequent analyses or not (Neuhauser & Terhorst, 2007). 
Statistical tests of conditional independence such as χ2-test, omnibus test and new 
omnibus test can be implemented to meet this need (Regmi et al., 2010; Thiery et al., 
2007). 
3.2.2.3 Conditional Independence  
In many statistically applied methods there may be errors as the assumption is that the 
population has a normal distribution, whether the distribution is known or not it, it is set 
as a normal distribution (Lee & Choi, 2004). To deal with these errors non-parametric 
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statistics such as a test for dependence pairwise comparison using and χ2 can be 
employed (Lee & Choi, 2004). To assess this, a contingency table is used where classes 
within a factor are compared with classes in another factor in a row by column basis 
using only the data for which landslides are present under the assumption that both 
factors are independent of each other (Lee & Choi, 2004). The contingency table (Table 
3.1) looks at the relationship between each class of one causative factor (F1) and with 
those of another (F2) in four scenarios with landslide occurrence (L). For instance, the 
presence of both class 1 of F1 (F1C1) and class 1of F2 (F2C1); class 1of F1 with all 
other classes within F2 except class 1; class 1 of F2 with all other classes within F1  
except class 1; and all other classes (except class 1 for both) within both F1 and F2 .   
Table 3.1 Contingency table for testing conditional independence (Lee & Choi, 2004) 
 Factor 1 
Class 1  Class n Totals 
Factor 2 Class 1 N {Class 1 of 
Factor 1  Class 1 
of Factor 2  D} 
 N {Class n of 
Factor 1  Class 1 
of Factor 2  D} 
N {Class 1 of 
Factor 2   D} 
      
 Class n N {Class 1 of 
Factor 1  Class n 
of Factor 2  D} 
 N {Class n of 
Factor 1  Class n 
of Factor 2  nD} 
N {Class n of 
Factor 2   D} 
Totals  N {Class 1 of 
Factor 1   D} 
 N {Class n of 
Factor 1   D} 
N{D} 
 The observed values, or count of landslides, for each scenario are used to calculate the 
expected values (Schicker, 2010): 
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑜𝑢𝑛𝑡 =
(𝑅𝑜𝑤 𝑇𝑜𝑡𝑎𝑙 − 𝐶𝑜𝑙𝑢𝑚 𝑇𝑜𝑡𝑎𝑙)
𝑇𝑜𝑡𝑎𝑙 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛
 
The observed and expected values are then used to determine the chi square. 
𝜒2 = ∑
(𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶𝑜𝑢𝑛𝑡 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑜𝑢𝑛𝑡)2
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑜𝑢𝑛𝑡
 
The degrees of freedom can also be determined: 
𝑑𝑓 = (𝑟 − 1)(𝑐 − 1) 






3.2.2.4 The weights of evidence applied in this study 
In this study, the weight is calculated for each landslide predictive factor (B) based on 
the presence or absence of the landslides (L) within the area, as indicated in Bonham-




      3.6




      3.7 
Where P is the probability, B is the presence of landslide predictive factor, 𝐵 ̅is the 
absence of a landslide predictive factor, L is the presence of a landslide, and ?̅? is the 
absence of a landslide.  
The method can be performed using individual factor maps, which only contain two 
classes, representing the presence or absence of the factor. Since this requires the 
analysis of many individual maps, it is more convenient to work with multi-class maps, 
containing many factors.  
For each factor positive weight (W+) indicates the present of spatial association 
between conditioning factor (B) and landslides (L) while the magnitude of this weight 
indicates the positive correlation between the presence of the predictive factor and the 
landslides. A negative weight (W-) indicates an absence of the spatial association 
between predictive factor (B) and landslides (L) while the magnitude shows the level of 
negative correlation. The calculation of positive and negative weights in GIS was 
implemented by combining the landslide (estimation set) with each factor class 
individually giving a result of four possible combinations of which the frequency is 
expressed in number of pixels as Npix1, Npix2, Npix3 and Npix4 (Table 3.2). 
 Table 3.2 Four possible combinations of a potential landslide conditioning factor and a 
landslide inventory map  (Npix = number of pixels) 
Landslides Parametric class represented as binary pattern 
Present Absent 
Present Npix1 Npix2 
Absent Npix3 Npix4 
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Based on Equations (5.7) and (5.8) the weights of evidence can be written in numbers of 
pixels as follows: 





      





      
Where, Npix1 is the number of the landslide pixels present on a given factor class, 
Npix2 is the number of the landslide pixels not present in the given factor class, Npix3 
is the number of the pixels in the given factor class in which no landslide pixels are 
present, and Npix4 is the number of the pixels in which neither landslide nor the given 
factor is present. 
The weight contrast (Wf ) is the difference between the two weights (Equation 3.10), 
and the overall spatial association between landslides and the predictor variables is 
represented by  the magnitude of this value (Dahal et al., 2008)  
𝑊𝑓 = 𝑊+  − 𝑊−      3.10 
3.2.1.2.1 Concept of overlaying the Landslide Inventory Map on each Factor Map 
The first step is to overlay the landslide distribution map with the factor maps. This will 
identify which of the factor’s attributes are associated with past landslides and which 
are not.  A database of all factors is used to prepare the maps that show the relationship 
between landslide occurrence and factors. The method applied is to cross-tabulate the 
landslide inventory map with each factor map. Then, a landslide distribution table is 
developed which indicates the total area of landslides occurring on each specific area of 
attribute of each factor.  
Cross-tabulated area 
ArcGIS 10’s Cross-tabulated area function (Spatial Analyst) is used to sort out the 
relationship between different thematic data maps. It is a technique, which combines two 
spatial data layers, between landslide location map and individual factor map, in order to 





cross-tabulated technique is to compare the characteristics of the same location on both 
data layers, and to produce a new characteristic for each location in the output data layer, 








Figure 3.3 The principle concept of spatial cross-tabulated technique 
3.2.1.3 Model construction 
Using the overlay of the landslide location map and different landslide factor’s ranges, 
the spatial relationship between landslide locations and each factor’s range was 
extracted. The numbers of landslide occurrence pixels in each class was evaluated, and 
then the Frequency Ratio value (Fr) for each factor’s range was calculated by dividing 
the landslide occurrence ratio by the area ratio. The frequency ratios were summed to 
calculate the landslide susceptibility index (LSI) (Eq. 3.1). This calculation is achieved 
using the “Raster Calculator” in ArcGIS 10’s spatial analysis tools. 
   𝐿𝑆𝐼 = ∑ 𝐹𝑟𝑛      3.1 
Where, Fr is rating of each factor's type or range, n is number of factors. 
Value of one for Fr value is an average value. The greater the ratio is above unity, the 
stronger correlation is a lower ratio than unity means lower correlation between landslide 
occurrence and the given factors attribute (Akgün & Bulut, 2007; Lee & Pradhan, 2006).  
ID No of LS pixel 
1 200 
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3.2.2 Weights of Evidence 
3.2.2.1 Background 
A weights of evidence (WoE) is a quantitative data-driven method used to combine 
datasets (Thiery et al., 2007). The method was originally developed for the 
identification and exploration of mineral deposits. Bonham-Carter et al. (1989) and 
Bonham-Carter (2002) used it for the gold mapping in the Meguma terrain of Nova 
Scotia (Neuhäuser & Terhorst, 2007). Recently, the method has been used for landslide 
susceptibility assessment (Dahal et al., 2008; Lee & Choi, 2004; Lee et al., 2002; 
Neuhauser & Terhorst, 2007; Regmi et al., 2010; Thiery et al., 2007; van Westen, 
Rengers, & Soeters, 2003). The weights of evidence is easily implemented and less time 
consuming than some other methods (Dahal et al., 2008; Neuhauser & Terhorst, 2007; 
Soeters & van Westen, 1996; Suzen & Doyuran, 2004) which can be applied by using 
GIS (Dahal et al., 2008).  
Where Wf is positive for a positive spatial association indicating the factor is favourable 
for the landslides, but Wf is negative if the spatial association is negative indicating that 
the factor is unfavourable. The magnitude of the contrast indicates an overall of spatial 
association between the causative factor and landslides whereas Wf equal to zero when 
a class has no spatial relationship with landslides occurrence. 
The Wf weights for each class of each causative factor are assigned to their respective 
thematic layer to produce weighted thematic maps which when combined, are 
numerically added (Equation 3.11) to produce a landslide susceptibility index map 
(Dahal et al., 2008). 
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Figure 3.4 Flowchart shows method of constructing landslide susceptibility using 
weight of evidence method 
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3.2.3 Logistic regression 
3.2.3.1 The logistic regression model in theory 
In logistic regression the relationship between a dependent and several independent 
variables can be evaluated (Lee, 2007; Lee & Min, 2001). Independent or explanatory 
variables are variables which are used to attempt to explain the dependent or response 
variable (Moore and McCabe, 2003). In landslide susceptibility assessments past 
landslide locations in the landslide inventory make up the dependent variable. 
Independent variables can be any factor that is suspected to have some causative 
influence in landslide occurrence (Schicker, 2010). These independent variables can be 
either categorical (for example geology) or continuous (for example slope angle and 
elevation), or a combination of both (Lee, 2004) and they do not necessarily have 
normal distribution (Lee, 2004). The advantage of logistic regression is that through the 
addition of an appropriate link function to the usual linear regression model (Lee, 2007; 
Lee & Min, 2001). The relationship between the dependent variable and independent 
variables is nonlinear (Yesilnacar & Topal, 2005). Moreover, when the dependent 
variable has only two groups, logistic regression may be preferred over discriminant 
analysis, as dependent variable can be only categorical (Lee, 2007). 
In the case of landslide susceptibility, the aim of logistic regression is to identify the 
best fitting, yet reasonable model which describes the relationship between the presence 
and absence of landslides and the independent variables (Ayalew & Yamagishi, 2005). 
The simple form of logistic regression, the relationship between landslide occurrence 
and several independent variables can quantitatively be expressed as: 
   𝑃 =
1
(1+𝑒−𝑍)
     3.12 
Where P is the probability of a landslide occurring. In the current situation, the P value 
is the estimated probability of landslide occurrence (Akgün & Bulut, 2007; Dai & Lee, 
2001; Dai et al., 2001; Lee, 2004; Lee, 2007).  And Z is the linear combination (Dai & 
Lee, 2001, 2002; Dai et al., 2001; Lee & Sambath, 2006; Süzen & Doyuran, 2004). It 




  𝑍 = 𝑏0 + 𝑏1 𝑋1 + 𝑏2 𝑋2 + ⋯ + 𝑏𝑛𝑋𝑛     3.13 
Where 𝑏0 is the intercept of the model, n is the number of variables, 𝑏𝑖 (i = 1, 2, ..., n) is 
the slope coefficients of the logistic regression, and model Xi (i = 1, 2, ..., n) is the 
independent variables (Dai & Lee, 2002; Dai et al., 2001; Lee, 2004; Lee & Min, 2001; 
Lee & Sambath, 2006; Süzen & Doyuran, 2004). The probability varies between 0 and 
1 on an S-shaped curve as the linear logistic model, Z, varies from -∞ to +∞ (Dai et al., 
2001; Lee, 2007; Lee & Sambath, 2006; Süzen & Doyuran, 2004). 
3.2.3.2 Logistic regression statistical analysis software  
Logistic regression was carried out in IBM SPSS 20. Backward stepwise regressions 
were undertaken. In backward stepwise regression all the variables are included in the 
initial regression. The variables are then removed one at a time until there is no further 
significant change in the regression. This method is suitable in the selection of the final 
set of variables to use when there is no reason to assign any variable higher priority in 
the order in which it enters the regression (Miller, 2007). As one of the aims is that the 
process should be as objective as possible, no reason to assign priority to the order in 
which the variables were entered is necessary, and as such this method of regression 
was chosen. 
3.2.3.3 Input data and data sampling 
In logistic regression, the first step ahead of the main statistical analyses is to make sure 
that data have been normalized in a manner the model needs. Failure to do so generally 
leads to problems during the interpretation of the final results (Ayalew & Yamagishi, 
2005). In the application for landslide susceptibility mapping, the common solution is to 
create layers of binary values (dummy variables) for each class of an independent 
parameter (Ayalew & Yamagishi, 2005; Lee & Min, 2001; Ohlmacher & Davis, 2003). 
If the number of parameters is small, this approach is good. If there are many 
parameters, however, it would produce a long regression equation and may even create 
numerical problems (Ayalew & Yamagishi, 2005). It may also work against some basic 
assumptions of logistic regression such as the absence of strong correlations among 
independent variables (Ayalew & Yamagishi, 2005). It might also be difficult to 




In this study, firstly all parameter classes were arranged according to their 
corresponding landslide densities (Ayalew & Yamagishi, 2005) computed earlier using 
bivariate statistical analyses (see Section 5.2.1 Frequency ratio). The use of landslide 
densities allowed us to express the independent parameters by the same scale (Ayalew 
& Yamagishi, 2005). Then, a regression was performed among the independent 
parameters. At the end, a class with a high landslide density, which corresponds to a 
parameter having a higher positive coefficient, was considered to play a greater role in 
causing landslides (see appendix D). Once all parameters were arranged, it was 
converted to ASCII file in order to import into SPSS.  
There are also differences in the literature in how coefficients are computed and 
assigned among different classes of a certain parameter (Ayalew & Yamagishi, 2005). 
Lee and Min (2001) assigned a coefficient of 0 to the last class of each parameter. This 
means, if granite was the last class in the parameter lithology, then it would 
automatically get a coefficient of 0. Dai and Lee (2002) overrode the coefficients 
corresponding to these last classes because they are used as default reference categories. 
The approach of Ohlmacher and Davis (2003) was such that coefficients belonging to 
the classes of the parameter geological units were constrained to sum to 0 so that the 
last class could get what was remained from the addition and subtraction processes. In 
this study the last class of each parameter was assigned a coefficient of 0 following  
(Lee & K. Min, 2001). 
In the literature there is discussion on the size of samples taken to create the dependent 
variable (Ayalew & Yamagishi, 2005). It is generally recommended in logistic 
regression to use equal proportions of 1 (landslide) and 0 (non-landslide) pixels, but this 
was not usually the case in many works (Ayalew & Yamagishi, 2005). For example, 
(Ayalew & Yamagishi, 2005; Guzzetti et al., 1999; Ohlmacher & Davis, 2003) 
considered data from their entire project site, and therefore, it was unequal pixel 
proportions. Atkinson and Massari (1998) used training data coming from 1.2% of the 
area under investigation and unequal proportions of 1 and 0 pixels. (Dai & Lee, 2002; 
Yesilnacar & Topal, 2005) used equal numbers of pixels in both presence and absence 




The two sets of sample data representing both presence and absence of landslide were 
provided to fit the logistic regression model. The way in which these two sets of data 
were obtained would affect both the nature of regression relation and nature and 
accuracy of the resulting estimates (Dai & Lee, 2001; Dai et al., 2001). In this study, the 
dataset of landslide in landslide inventory represents the samples of landslide presence. 
The landslide inventory map was converted to raster layer to obtain numbers of 
samples, which was in total 472,520 pixels with 20 x 20m resolution. To reduce bias in 
sampling process, the non-landslide locations were obtained using a random sampling 
scheme. An equal number of cells (472,520 cells) were randomly selected from the non-
landslide. The grid cells were obtained using "Create Random Points (Data 
Management)" of ArcGIs 10. However, the non-landslide values were extracted from 
cells outside a 100 m buffer zone so that the area most unlike those that had previously 
failed might be selected and produce an improved result. Each sample cell was assigned 
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𝑍 = 𝑏0 + 𝑏1 𝑋1 +  𝑏2 𝑋2 + ⋯ + 𝑏𝑛𝑋𝑛  




 3.3 Data 
The reliability of landslide susceptibility maps depends mostly on the amount and 
quality of available data, the working scale and the selection of the appropriate 
methodology of analysis and modelling. The process of creating these maps involves 
several qualitative or quantitative approaches (Ayalew & Yamagishi, 2005; Guzzetti et 
al., 1999). Qualitative methods depend on expert opinions. Quantitative methods are 
based on numerical expressions of the relationship between controlling factors and 
landslide location (Ayalew & Yamagishi, 2005) (see detail in Chapter 2). This study 
attempts to extend the application of quantitative methods using bivariate and 
multivariate statistical approaches combined with GIS technology. The methods chosen 
are frequency ratio, weight of evidence, and logistic regression.   
In landslide susceptibility assessments the landslide inventory which locates past 
landslide locations makes up the dependent variable. Independent variables can be any 
factor that is assumed to have causative influence in landslide occurrence. These 
variables include topographical, geological, hydrological, and geomorphological 
factors. 
This chapter focuses on a wide range of spatial datasets used in landslide susceptibility 
analysis follow collecting, storage and selecting all data and information that is 
available, derived from remote sensing data, previous study as well as field 
investigation and of necessity for this study.  All kind of data and information will be 
collected, mapped and reformatted if required and stored in GIS as a database.   
3.3.1 Spatial datasets required for GIS based landslide susceptibility 
When attempting to model landslide susceptibility it is important to consider the 
preparatory factors that make a slope susceptible to failure and the triggering factors 
that serve to cause the slope movement. The preparatory factors or intrinsic variables 
are primarily concerned with the ground conditions (such as geology and soil type) and 
surface geomorphology (such as slope angle, aspect and curvature), whereas the triggers 
are considered as surface processes such as rainfall causing river erosion, volcanic 
eruption, and earthquakes or faults. GIS-based landslide susceptibility modelling ought 
to include these parameters as spatially distributed datasets or maps, where the choice of 
input factors is dictated by local ground conditions, climate of the study area, nature of 
landsliding and GIS model being used. In general, however, there are several datasets 
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that are essential for GIS landslide modelling. Table 4.1 summarizes the rationale for 
the selection of these factors and lists some of the previous researchers that have used 
these factors to create landslide hazard maps and/or commented upon their influence on 
slope instability. 
3.3.1.1 Landslide inventory 
A landslide inventory is the simplest form of landslide map showing the distribution, 
outline and nature of landslides within an area of interest (Chacon, Irigaray, Fernandez, 
& El Hamdouni, 2006; Galli et al., 2008). They can range from small scale maps that 
simply show locations of landslides (as points on a map) to detailed large scale maps 
where each landslide is defined by a boundary polygon with information on landslide 
type and age. Landslide inventory maps can be prepared by different techniques, 
depending on their purpose, the extent of the study area, the scales of base maps and 
aerial photographs, and the resources available to carry out the work (Guzzetti et al., 
2006). They can be prepared at different scales according the nature of the investigation 
using existing catalogues derived from published literature, technical and scientific 
reports, public bodies and private consultancies as well as analysis of aerial 
photography and satellite imagery (Guzzetti, 2006). These methods are typically 
supplemented with field reconnaissance, geomorphological and engineering geological 
mapping in order to validate the landslide inventory (Griffiths & Whitworth, 2011 ).  
3.3.1.2 Geological data 
Lithology is one of the most important parameters in landslide studies because different 
lithological units have different susceptibility degrees (Dai & Lee, 2001; Yalcin & 
Bulut, 2007; Yesilnacar & Topal, 2005). It is widely recognized that geology plays an 
important role in landslide occurrence, because lithological and structural variations 
often lead to a difference in strength and permeability of rocks and soils (Ayalew & 
Yamagishi, 2005; Dai & Lee, 2001; Yalcin et al., 2011a; Yesilnacar & Topal, 2005). 
Geology is one of the primary datasets for GIS based landslide hazard assessment, 
recording the nature of the underlying solid and superficial geological conditions 
including type of material (such as rock type) and its properties (such as geotechnical 
strength properties).  
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3.3.1.3 Topographic information 
Topography controls the spatial variation of hydrological conditions and slope 
stabilities. It affects the spatial distribution of soil moisture, and groundwater flow often 
follows surface topography. Therefore, topographic data have been used in landslide 
susceptibility (Ayalew & Yamagishi, 2005; Yilmaz, 2009). It affects the concentration 
of moisture and the level of pore pressure, and is often useful to resolve detailed 
patterns of instability (Pradhan & Lee, 2010b). At larger scales, it controls regional 
hydraulic continuity, and is considered as an important factor for GIS-based landslide 
susceptibility mapping (Ayalew & Yamagishi, 2005; Dai & Lee, 2002; Lee & Min, 
2001). The slope aspect has the potential to influence surface physical properties and its 
susceptibility to failure. The processes that may be operating include exposure to 
sunlight, drying winds, and, possibly, rainfall (Dai & Lee, 2002). Moreover, aspect can 
influence the distribution and density of landslides by controlling the concentration of 
soil moisture (Ayalew et al., 2005). Elevation is another, very frequently used, 
parameter in landslide susceptibility studies (Reis et al., 2012). An elevation map 
portrays areas with different relative relief. Landslides possibly occur in certain relief 
ranges (Cevik & Topal, 2003; Dai et al., 2001) . 
Topographic data is available through Digital Elevation Models (DEM) which provides 
a raster representation of the Earth’s surface. Global topographic datasets are available 
(including SRTM and ASTER GDEM datasets) but their accuracy should be verified 
prior to their use. Other sources include commercial satellite providers (such as 
Quickbird and SPOT) who are able to generate DEM data from their satellite image 
archive or through tasked acquisition of imagery. Airborne and terrestrial laser scanning 
(LiDAR) can be used to generate very precise topographic surface models.  
3.3.1.4 Drainage network 
Intense gully erosion occurs in the study area and may be a factor in controlling 
landslide occurrence. Some studies showed that the drainage lines are an important 
factor controlling debris flow susceptibility (Dai & Lee, 2002). The common 
observation is that with increased distance from drainage lines or streams there is 
generally a decrease in landslide frequency (Dai & Lee, 2001). The data is widely 
available either from national mapping agencies or can be derived remotely using digital 
elevation models (DEM), aerial photography or remote sensing imagery. The resulting 
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vector drainage map is commonly buffered within the GIS to create a raster map 
showing the distance from the nearest drainage channel (Lee & Talib, 2005). This 
dataset is then included into the GIS landslide analysis.  
3.3.1.5 Structural geology data  
It can be thought that the structural elements such as faults, folds, joints or some parts of 
them make the materials where landslides occur more susceptible to sliding because of 
material weakening, stress accumulation or tectonic activity in different distances. In 
areas where seismically controlled landslides can be expected, information on structural 
geology should be considered in some landslide susceptibility and hazard assessments 
(Cevik & Topal, 2003). Typically, this takes the form of a vector fault map which is 
also buffered to provide a measure of the distance from nearest fault (Cevik & Topal, 
2003). Faults reduce the strength of the rock mass by breaking or shearing the rock. In 
some cases, these faults are sub-divided according to size or activity in order to provide 
a more accurate model of the seismic trigger for the landslides. A generally accepted 
observation is that in seismically affected areas, an inverse relationship exists between 
distance to faults and landslide distribution, where the number of landslides decreases 
with increased distance from a fault (Cevik & Topal, 2003).   
3.3.1.6 Land use or land over 
The effect of land cover on slope stability can be clarified by an amount of hydrological 
and mechanical effects (Yalcin et al., 2011a). Land cover acts as a shelter and reduces 
the susceptibility of soil erosion, landslides and the get water on the action of 
precipitation. In the case of short heavy rainfall, they don't play a vital function required 
to trigger shallow landslides, but they can be of importance for the long term evolution 
of water in soil, and thus for initial moisture conditions when an extreme event occurs 
(Yalcin & Bulut, 2007; Yalcin et al., 2011a). Several researchers have emphasized the 
importance of land cover on slope stabilities (Yalcin et al., 2011a). 
Those listed above are the most common inputs for GIS based landslide hazard 
evaluation, but others have been included where additional controlling factors have been 
identified (Table 3.3). These parameters are often selected during the initial phase in 
response to knowledge of the study area and then statistical tests will determine their 
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relevance to landslide activity. Table 3.3 provides summary of some other datasets that 
have been incorporated into GIS based landslide susceptibility assessments. 
Table 3.3 Summary of the input datasets required for GIS based landslide susceptibility 
and hazard assessment 




Spatial dataset showing the distribution, 
outline and type of landslides with an area of 
interest. 
Aerial photography 









Spatial distributed information on the nature, 
type and properties of the underlying solid 
and superficial geology. Can include 
geotechnical data for deterministic 









Seta, Del Monte, 






Slope angle data is important for landslide 
modelling. Other data that can be derived 
from a digital elevation model include 
altitude (elevation), aspect, plan and profile 
curvature. Secondary data can also be 
derived from the DEM including data on 
catchments and wetness indices.  
ASTER Global 
DEM, 










Groundwater conditions are important inputs 
into the deterministic physical landslides 
models (such as the infinite slope model). 
Assumptions can be made on groundwater 
conditions during modelling and sensitivity 
analysis can subsequently be used. 






Xie, et al. (2009) 
Godt et al. (2008)  
Hydrology 
 
Surface drainage networks, drainage density 
and distance to drainage channels can be 
important where erosion may be a trigger for 
slope failures.  
Digital Elevation 
Model (DEM), 
Satellite imagery,  
Topographic maps 





Structural geological data and distance to 
faults can be important for considering 
seismically controlled landslide distribution.  
Geological survey 
maps/reports, (DEM), 
Satellite imagery  




Superficial deposit thickness and depth to 
failure surface are important for 
deterministic slope models (such as the 
infinite slope model). 
Geological survey 
maps/reports, 








Spatially distributed information on the land 









Spatial distributed information on rainfall 
across the landslide area extrapolated from 
rainfall stations.  
Rainfall station data, 
Historic rainfall data  




The presence or absence of thick vegetation 
may affect landslide susceptibility. 
Satellite image, Land 
cover map 
Dai & Lee (2002) 
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3.3.2 Data Acquired and used in this study  
The first task of this study includes collecting, storage and selecting all data and 
information that is available, derived from remote sensing as well as field investigation 
and of necessity for this study.  All kind of data and information was collected, mapped 
and reformatted if required and stored in GIS as a database.   
According to the data sources, data acquired and used for landslide susceptibility 
assessment can be divided into two groups, remote sensing data and non-remote sensing 
data. 
3.3.2.1 Remote Sensing Data 
Remote sensing is one of the most important data for landslide assessment. It is very 
useful in detecting and mapping landslide scars/landslide location, land use/land cover, 
forest, topographical, and geological conditions. There are several types of remote 
sensing data, which are used to integrated landslide hazard assessment. Data of the 
Landsat TM, Landsat ETM, ASTER, and SPOT 5 could be acquired for this study.   
1. ASTER imagery was acquired from Land Processes Distributed Active Archive 
Center (LP DAAC) as NASA approved access to ASTER L1B and all other 
higher level ASTER products is available for educational use who applied for 
academic research.  
2. Landsat TM and ETM imageries were acquired from Global land cover facility 
(GLCF). 
3. SPOT 5 imagery was acquired from Incentive for the Scientific use of images 
from Spot System (ISIS) programme which intends to optimise access to the 
Spot infrastructure by providing SPOT data at a preferential rate, with a view to 
facilitating European space scientific research. 













Image quality: Cloud 
coverage 
Sources 
ASTER 1B 2 February 2008 15 Quality is very good; no clouds Land Processes Distributed Active 
Archive Center (LP DAAC) 
https://lpdaac.usgs.gov/products/aster
_policies 
 1B 2 February 2008 15 Quality is very good; no clouds 
 1B 2 February 2008 15 Quality is good; 10% clouds 
 1B 2 February 2008 15 Quality is very good; no clouds 
 1B 2 February 2008 15 Quality is good; 10% clouds 
 1B 2 February 2008 15 Quality is good; 10% clouds 
 1B 15 January 2007 15 Quality is very good; no clouds 
 1B 15 January 2007 15 Quality is very good; no clouds 
 1B 15 January 2007 15 Quality is good; 10% clouds 
 1B 15 January 2007 15 Quality is very good; no clouds 
Landsat TM 151/31 15 July 1994 30 Quality is very good; no clouds Global land cover facility (GLCF) 
http://glcf.umd.edu/data/landsat/ 152/31 1 August 1992 30 Quality is very good; no clouds 
Landsat ETM+ 152/30 27 May 2000 30 Quality is good; 10% clouds Global land cover facility (GLCF) 
http://glcf.umd.edu/data/landsat/ 151/32 2 August 2001 30 Quality is very good; no clouds 
SPOT 5 (Pan) 191/265 10 January 2010 2.5 Quality is good; 10% clouds Incentive for the Scientific use of 
images from Spot System (ISIS) 
http://isis-cnes.fr/ 
191/266 10 January 2010 2.5 Quality is good; 10% clouds 
191/267 10 January 2010 2.5 Quality is good; no cloud 




3.3.2.2 Non-Remote Sensing Data 
Non-remote sensing data comprise all maps from available data sources and fieldwork, 
which are related to the study area such as topographic map, geological map, lineament 
map, etc. as well as other relevant reports and documents collected from concerning 
organizations (Table 3.5).  
Table 3.5 Overview of non-remote sensing data types and sources for the study 
Data types Scale  Original of 
data format 
Sources 
Geologic map 1:500,000 Digital file (jpeg) Institute of Communication and 
Information Technologies 
Fault map 1:50,000 Shape file  Derived from SPOT DEM 
Drainage map 1:50,000 Shape file  Derived from SPOT DEM 
Topographic map 
(including elevation, slope 
angle, slope aspect) 
1:50,000 Shape file  Derived from SPOT DEM 
NDVI 1:50,000 Raster file Derived from SPOT DEM 
3.3.3 Input factors used in this study and their construction 
There is no agreement in literature on which independent factors have to be used in 
landslide susceptibility analyses (Gokceoglu et al., 2005).In this study, nine independent 
factors were chosen as potentially contributing to landslide susceptibility, slope, 
elevation, aspect, stream power index (SPI), geology, land use (land cover), distance 
from faults, distance from drainage, and normalized difference vegetation index 
(NDVI). These independent factors are supposed to be directly or indirectly linked to 
the stability of the slopes. The independent factors were selected based on the 
availability of the data and the characteristic of the study area.  
All independent factors were converted into thematic maps. The thematic map 
represents large quantities of spatial data. Each thematic factor was subdivided into 
different classes by its value or feature. A vector-to-raster conversion of the above 
thematic layers were undertaken to provide raster data of landslide areas with 20 x 20 m 
pixels. The study area covers 30,701,497 pixels and total number of landslide inventory 
points is 472,520 pixels. The detail of independent factors and the construction of each 
factor are described as follow: 
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3.3.3.1 Topographic data 
Topographic data has been considered to be one of factors that influences landslide 
occurrence. Therefore, in this study topographic data was also chosen. In many 
landslide susceptibility studies topographic data has been classed and used. In this study 
topographic data such as slope aspect, slope angle, elevation, stream power index (SPI) 
were classified as categorical data as it is required for the bivariate susceptibility 
approach for both frequency ratio and weight of evidence models. However, in 
multivariate approach slope angle, elevation and SPI were continuous data as it is more 
appropriated and widely used in several studies. 
3.3.3.1.1 Input data construction  
A digital elevation model (DEM) is essentially a digital representation of a contour 
map. A high resolution DEM is ideal to obtain higher quality data for the parameters 
derived from it (such as slope, aspect and elevation), however with increased resolution 
there is an increase in file size. Access to high quality DEM can be also limited. The 
resolution (pixel size) of the DEM is generally the basis for the mapping/grid unit in 
landslide susceptibility assessments (Ayalew & Yamagishi, 2005; Ayalew et al., 2005)  
In this study, SPOT DEM of the study area a resolution of 20 x 20 meter was used. 
Although, the resolution may not be as high in quality as the majority of landslide 
susceptibility assessments, other studies have proven this to be an acceptable scale 
(Akgün & Bulut, 2007; Can et al., 2005; Lee & Sambath, 2006; Yesilnacar & Topal, 
2005). 
To construct slope angle, slope aspect, elevation and SPI the appropriate commands in 
ArcGIS 10 “Surface Analyst tools” was used. The rasterised regional boundary of the 
study area was used as a mask for the DEM to limit the coverage to the area inside the 
regional boundary. Classes were assigned to the slope, aspect, elevation and SPI raster 
layers with defined value ranges and newly assigned values for each class (Table 3.6). 
For each class within the parameter (slope, aspect, elevation and SPI) a new raster layer 
was created which contained only the data within the defined value ranges, with the 
assigned code for that class. The raster layers for each class within the parameter were 
then added together to create the reclassified raster layer for that parameter. This can be 
done using data reclassification.  
 87 
 
Data reclassification  
Data reclassification can be done by using the reclassify tool in ArcGIS’s spatial analyst 
tools. The reclassify tool was used for creating new attribute data and new maps as the 
function is designed to allow many values of input raster layer which are easily changed 
to desired, specified, or alternative values.  For example, grid cells with slope rank 
between 0-25 degrees are assigned a value of 1 in the output grid. 
Classed maps of aspect (Figure 3.6), slope (Figure 3.7), elevation (Figure 3.8) and SPI 
(Figure 3.9) were then created (see section above and Table 3.6). A boundary based on 
the DEM was created as grid (raster), and shapefile (vector) formats in order to clip all 
other spatial datasets.  
3.3.3.1.2 Slope aspect 
Slope aspect refers to the direction of maximum slope of the ground surface or more 
basically, the direction the slope faces. Aspect is also considered an important factor in 
preparing landslide susceptibility maps (Yalcin et al., 2011a). The influence of aspect 
could be as a result of the influence of aspect-related physical factors such as the 
number of sunshine hours, exposure to drying winds and sunlight (Cevik & Topal, 
2003; Dai & Lee, 2001; Dai et al., 2001). Aspect ranges from -1 to 359° where -1 is flat 
(Süzen & Doyuran, 2004). In most studies aspect is divided into nine classes: north, 
northeast, east, southeast, south, southwest, west, northwest, and flat (Ayalew & 
Yamagishi, 2005; Can et al., 2005; Cevik & Topal, 2003; Dai & Lee, 2001; Dai et al., 
2001; Lee, 2005b; Lee & Choi, 2004; Lee & Dan, 2005; Lee & Sambath, 2006; Lee & 
Talib, 2005). The same nine classes have been applied in this study according to the 
aspect classes automatically created from ArcGIS 10 as; flat (−1°), north (0°–22.5°; 
337.5°–360°), northeast (22.5°–67.5°), east (67.5°–112.5°), southeast (112.5°–157.5°), 
south (157.5°–202.5°), southwest (202.5°–247.5°), west (247.5°–292.5°), and northwest 




3.3.3.1.3 Slope angle 
Slope angle is the most important variable in the slope stability analysis (Lee & K. Min, 
2001) and it is frequently used in preparing landslide susceptibility maps (Yalcin et al., 
2011a) because the slope angle is directly related to the landslides  (Cevik & Topal, 
2003; Lee, 2005b; Yalcin et al., 2011a; Yalcin, Reis, Aydinoglu, & Yomralioglu, 
2011b). As slope angle increases, the level of gravitation-induced shear stress in the 
colluviums or residual soils increases as well. Gentle hill slopes are expected to have a 
low frequency of landslides because of generally lower shear stresses associated with 
low gradients (Dai & Lee, 2001). In literature, there are many variations of classes used 
and these can be intervals of equal or mixed sizes. Most studies seem to use intervals of 
10°, starting at 0 – 10° (Can et al., 2005; Cevik & Topal, 2003; Murat Ercanoglu & 
Gokceoglu, 2004; van Westen et al., 2003), or ≤ 15° (Thiery et al., 2007), or intervals of 
5 (Lee, 2007; Yilmaz, 2009). Another common approach in other landslide 
susceptibility and hazard assessment studies is to apply intervals of mixed sizes/ranges 
which were specific to each study or mixed classes (Ayalew & Yamagishi, 2005; Lee & 
Min, 2001; Lee & Sambath, 2006; Pradhan & Lee, 2010b; Yalcin et al., 2011a). The 
slope map of the study area was divided into ten slope categories as equal intervals of 
7°; 0-7, >7-14, >14-21, >21 -28, >28-35, >35-42, >42-49, >49-56, >56-63, and >63-89 
(Table 3.6). 
3.3.3.1.4 Elevation 
Areas of relative relief are portrayed in an elevation map, and as landslides may develop 
in certain relief ranges, elevation is frequently used in landslide susceptibility studies 
(Cevik & Topal, 2003; Yalcin et al., 2011a). There is a wide range of elevation classes 
used in other landslide susceptibility and hazard studies; these include intervals of 50 m 
(Ayalew & Yamagishi, 2005; Dai & Lee, 2002), 75 m (Yilmaz, 2009), 100 m (Dai & Lee, 
2001; Dai et al., 2001), 150 m (Cevik & Topal, 2003), 200 m (Tangestani, 2009), 500 m 
(Yalcin et al., 2011a). Elevation in the study area varies from 540-4,278 m. Elevation was 
divided into ten altitude classes on 900-m equally interval basis as; 0-900, >900-1300, 
>1300-1700, >1700-2100, >2100-2500, >2500-2900, >2900-3300, >3300-3700, >3700-
4100, and >4100 (Table 3.6).  
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3.3.3.1.5 Stream power index (SPI) 
Stream power index which is a measure of erosive power of water ﬂow based on the 
assumption that discharge is proportional to specific catchment area. Using SPOT DEM, 
SPI can be defined by the following equation: 
  𝑆𝑃𝐼 =  𝐴𝑆 × tan 𝛽         (3.14) 
Where 𝐴𝑆 is the specific catchment area (m
2/m), and β is the local slope gradient in 
degrees. As the speciﬁc catchment’s area and gradient increase, the amount of water 
contributed by upslope areas and the velocity of water ﬂow increase; hence, the SPI and 
slope-erosion risk increase. Moore et al. (1993) stated that the SPI controls the potential 
erosive power of overland flow. Therefore, these processes can be considered as one of 
the components of landslide occurrence (Akgun & Turk, 2010; Lee & Min, 2001; 
Yilmaz, 2009). The SPI map was produced using raster calculator function and run in 
ArcGIS 10 software. The SPI map was produced and classified into 8 classes as -
13.815510 to -12.110331, -12.110331 to -10.405153, -10.405153 to -8.699974, -
8.699974 to -6.994795, -6.994795 to -5.289616, -5.289616 to -3.584437, -3.584437 to -















Table 3.6 Topographical data classes and area of each class. 
Topographical 
data 
Classes Code value Area of classes (%) 
































































































SPI -13.815510 to -12.110331 
 -12.110331 to -10.405153 
 -10.405153 to -8.699974 
 -8.699974 to -6.994795 
 -6.994795 to -5.289616 
 -5.289616 to -3.584437 
 -3.584437 to -1.879259 















































Figure 3.9 SPI map of the study area 
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3.3.3.2 Distance from linear features 
Linear features include lineaments (faults) and stream networks that can be picked out 
as lines (appearing as such or evident because of contrasts in terrain or ground cover on 
either side) in aerial or space imagery.  
To generate linear features, SPOT DEM was also used. The detailed method of 
extracting linear features is described as follows: 
3.3.3.2.1 Faults 
Faults are the structural features which describe a zone of weakness with relative 
movement, along which landslide susceptibility is higher. In landslide susceptibility 
studies, the distance from lineament features such as faults is typically used to study any 
cause-effect relationships between lineaments and landslide occurrence (Pradhan et al. 
2010). The entire Kyrgyz territory is covered by a large number of active faults. The 
largest fault is the NW–SE trending Talas-Fergana fault, accounting for a total 
horizontal displacement of 200 km (Kalmetieva et al. 2009). 
Fault study in Toktogul region 
This international multidisciplinary research project involves close collaboration 
between NATO and former Eastern Bloc geoscientists to analyse potential threats to the 
security of the Toktogul region with recommendations for measures to mitigate a range 
of threat scenarios. The project aims to formulate scenarios of potential threats to the 
geoenvironmental security of the Toktgul region and produce recommendations for 
mitigation measures to ensure the highest levels of security in the future. Such a 
formulation does not presently exist, despite the inherently high levels of threat to 
security imposed by the geological and seismo-tectonic setting of the region. The region 
lies within the actively deforming Tien Shan mountain range, the northern expression of 
ongoing Himalayan collisional mountain building. This deformation most notably 
includes the poorly-known Talas-Fergana fault, a strike-slip structure bisecting the 
Toktogul region that displays similar features to the San Andreas Fault (Korjenkov, et 
al., 2010). No significant earthquakes have been recorded on the Talas-Fergana in 
historical times but the fault clearly has the potential to generate a large earthquake in 
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the future, together with a range of earthquake-related hazards such as landslides and 
sudden downstream flooding (Korjenkov, et al., 2013). 
3.3.3.2.1.1 Input data construction 
The major fault features in the study area were mapped using SPOT DEM based on 
visual interpretation manually. In order to increase visual interpretation of the DEM it 
has been converted into shaded relief images at different azimuths and altitudes. These 
images are useful not only for the representation of terrain features but also for the 
identification of lineaments including faults, because shaded relief shows bare-ground 
surfaces unobscured by other surface cover such as vegetation and land use. In addition, 
shaded-relief images under a light direction different from the conventional sun location 
may aid in identifying lineaments or faults that are hard to see by the usual methods of 
airphoto interpretation. In this study, the most suitable sun location; illumination angles 
(azimuth) for the study area are vary from 0°, 120° and 275° with light source height 
(altitude) at 45º. The faults mentioned in this study refer to neotectonic active faults. 
The extraction criteria of the lineament are based on the geomorphologic features such 
as existence of fault-scarp, straight valley, extra-ordinary straight arrangement of river 
passages, straight arrangement of the conversion points on the slope inclination, straight 
arrangement of triangular surfaces, displacement of ridge lines and river passages, 
drainage anomaly, straight arrangement of lakes, alluvial fan gaps and vertical or 
horizontal linear displacement of river terraces. The visualisation process was carried 
out in ArcGIS. The lineaments (fault lines) were digitised on screen. The form of a 
vector fault map was created. Then it was buffered to provide a measure of the distance 




Figure 3.10 Shaded relief images  A) Shaded relief image under azimuth 275° and 
altitude 45° and B) Faults overlaying on shaded relief image. 
3.3.3.2.1.2 Verification of the active faults 
Verification of the existence of faults was carried out by comparison with documented 
geological map scale 1:500,000, detailed topographic features along the inferred feature 
were investigated by 1:500,000 topographic maps, and field surveys as well as 
information on Talas-Fergana, the largest active fault in Central Asia mapped by Rust, 
et al. (2009). The results indicate that faults are matched with faults mapped on 
geological map and area associated with topographic displacement and criteria of the 
lineament mentioned in section 3.3.3.2.1.1. Field investigation in 2009 and 2011 were 
carried out. Numbers of site have been visited to verify the lineament interpretation 




Figure 3.11 Active fault observed in the field survey showing straight arrangement of 
triangular surfaces, displacement of ridge lines 
 
Figure 3.12 Active fault observed in the field survey showing straight arrangement of 
triangular surfaces, displacement of ridge lines 
3.3.3.2.1.3 Distance from fault class 
In the literature, there is no agreement on the size of the buffer size for use in distance 
from fault lines, and as a result various different distances have been used in other 
studies (Ercanoglu & Gokceoglu, 2004). There are several example of these buffer 
zones; 0 – 100 m, 100 – 250 m, 250 – 500 m, 500 – 1000 m, and > 1000 m (Cevik & 
Topal, 2003); increments of 150 m up to 1350 m as well as a class of 1350 – 2499 m 
(Yilmaz, 2009) ; and (Lee & Sambath, 2006) used unequal buffer distances but in each 
class contains a similar number of pixels. The classes chosen in this study are loosely 






3.3.3.2.2 Stream (Drainage) 
Rivers or streams drainage may induce river bank failure because of slope undercutting 
and stream erosion. Therefore, distance to stream is considered be one of the controlling 
factors for the slope stability. The degrees of water saturation in the materials directly 
affect slope stability. Therefore, the proximity of the drainage structures to the slopes is 
also important factor in terms of stability (Dai et al., 2001).  
3.3.3.2.2.1 Input data construction 
Drainage lines or streams were created automatically from SPOT DEMs using "Raster 
calculator" in ArcGIS 10 toolbox. The method started with calculating the flow 
directions and then developed two modified algorithms combining the channel initiation 
points and the flow directions to delineate the proper drainage networks. 
3.3.3.2.2.2 Verification of drainage networks 
In most cases, automatic generation validation methods were carried out using visual 
comparison with the blue lines from medium-scale topographic maps or photo-
interpretation. This study selected topographic map scale 1:250,000 to validate the new 
extraction methods. The comparison showed that the drainage networks derived from 
DEMs were precisely overlay on topographic map. Therefore, it can be said that the 
drainage networks were highly accurate. 
3.3.3.2.2.3 Distance from drainage class 
The most used buffer distances from drainage are increments of 50 m (Dai & Lee, 2001; 
Dai et al., 2001; Lee & Pradhan, 2006; Yalcin, 2008), 100 m (Cevik & Topal, 2003; Lee 
& Sambath, 2006; Lee & Talib, 2005), or 150 m (Yilmaz, 2009). Some used different 
increments. For example, (Yalcin et al., 2011a) used 25 m for the first four classes and 
50 m for the last three classes. (Lee & Sambath, 2006) used different distance according 
to the number of pixels in each class. In this study, buffer zones based on Yilmaz (2009) 
was chosen. The selected 150 m distances were buffered from drainage. The distance 





Figure 3.13 Drainage networks automatically derived from DEMs overlaying on 
topographic map scale 1:250,000. 
Table 3.7 Distance to fault classed 
Linear feature Classes Code value Area of classes (%) 























































































Geology is one of the most important parameters in landslide studies because different 
lithological units have different susceptibility degrees (Yalcin et al., 2011a). 
Additionally, different lithological units behave differently with respect to the 
occurrence of landslides, because of their variable strength and resistance against 
weathering (Das, Sahoo, van Westen, Stein, & Hack, 2010).   
3.3.3.3.1 Input data construction 
The lithological (geological) map of the study area was generated based on the existing 
geological map at scale 1:500,000 provided by Institute of Communication and 
Information Technologies, Kyrgyzstan. As a limitation of obtaining data, the geological 
maps were available in hard copy of digital image format (jpg files). The images were 
registered using image registration function in ENVI 4.8. After the geological maps 
were registered, they were imported into ArcGIS 10 in order to be digitized. The 
lithological formations were digitized one by one and saved in the GIS database as 
polygon layer. 
Image registration: Generally, image registration is the process of superimposing an 
image over a map or another already registered set of data.  The geometric registration 
process involves identifying the image coordinates (i.e. row, column) of several clearly 
discernible points, called ground control points (GCPs), in the distorted image, and 
matching them to their true positions in ground coordinates (e.g. latitude, longitude). 
The true ground coordinates are measured from a map in hard copy of digital format or 
collected with GPS in the field.  This is called image to map registration, which is used 
for registration for geological maps.  
3.3.3.3.2 Lithological map verification 
Lithological map produced from existing geological map at scale 1:500,000 was 
verified using ASTER imagery. ASTER data have been successfully used in geological 
mapping since early 2000. ASTER data represents an enormous innovation in terms of 
their improved spectral characteristics and higher spatial resolution (Gad & Kusky, 
2007; Rowan, Mars, 2003). The three VNIR bands are important sources of information 
about absorption in transition metals, especially iron and some rare-earth elements in 
surface soil (Bedell, 2001) and for chlorophyll absorption in vegetation (Rowan, Mars, 
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2003). The six SWIR bands are useful for soil, and lithological mapping, and in 
characterization of the absorption features of phyllosilicates and carbonate minerals 
(Gad & Kusky, 2007). Even though important rock-forming minerals, including quartz 
and feldspar, do not reveal absorption features in the VNIR and SWIR regions, most of 
them display fundamental absorption features in the TIR wavelength region (Gad & 
Kusky, 2007; Rowan, Mars, 2003).  
In this study Principal Component Analysis (PCA) was used. The aim was to extract the 
pertinent information from the deferent bands. This method reduces the redundancy of 
information that exists between the deferent bands. This study used ASTER 1B data 
provided by NASA. Indeed, ASTER offers resolution to recognise the mineralogical 
composition, and this better spectral resolution can provide a support to a visual 
interpretation. The results obtained from integration of field data and visual 
interpretations of ASTER images supports the digitized geologic maps.  
3.3.3.3.3 Lithological map class 
The lithology maps of the study area were differentiated into 28 units according to their 
geological characteristics related to landsliding (see detail lithological units in Appendix 
B). Using the rasterized function in GIS, a new raster layer was created which contained 
only the data within the defined value ranges with the assigned code for that class 










Table 3.8 Lithology classes 
Lithological units Code value Area of classes (%) 
Adevrolites, phyllites, sandstones 
Alluvial deposit 
Basalt, andesite, tuff, chert and conglometate 
Bauxite 
Calcarenite and shales 
Conglomerate, breccia, sandstone and marl 
Conglomerate, sandstone, clay, and limestone 
Conglomerate, sandstone, shale and limestone 
Conglomerate, sandstone, siltstone 
Conglomerates, gritstones, sandstones 
Conglomerates, gritstones, sandstones, loams, gypsum and  
marls, with basalt layers 
Conglomerates, sandstones, limestones 
Contemporary sediments. Alluvial pebbles, colluvium and 
glacial detritus block 
Diabases/dolerites,spilites, flints, prasinites, sandstones, 
limestones 
Diorites, Quartz porphyries, Monzonites 
Dunites, peridotites, pyroxenites, serpentines 
Flinty slates, phyllites, sandstones, spilites, diabases/dolerite, 





limestones,horizonts of flints 
Quartzite, quartz sandstone, carbonaceous-siliceous shale, 
marble 
Rhyolites, dacites lavas and tuffs 
Sandstones 
Sandstones, slates, injection of gneisse 
Serpentinite, block of gabbro, basalt, limestone schist 
Syenites, porphyries, boston-Syenite, Boston-porhyries 















































































Figure 3.16 Geological map of the study area 
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3.3.3.4 Land cover 
Land cover or land use is considered by some to be one of the main factors responsible 
for landslide occurrence (Dahal et al., 2008), and as such is utilised as an indirect 
indication of slope stability (Cevik & Topal, 2003). The effect of land cover on slope 
stability can be clarified by an amount of hydrological and mechanical effects. Land 
cover acts as a shelter and reduces the susceptibility of soil erosion and landslides 
(Yalcin et al., 2011a). The degree of land erosion may be more or less dependent on the 
extent and type of vegetation. The general observation when comparing more vegetated 
areas to areas which are barren or sparsely vegetated, is that the less vegetated areas are 
more prone to landslides as they exhibit faster rates of erosion and greater instability 
(Carrara et al., 1991; Cevik & Topal, 2003). The increase in soil strength due to root 
reinforcement has great potential to reduce the rate of landslide occurrence (Yalcin et 
al., 2011a).  
Basically a land cover map is obtained by classifying remotely sensed images. Typically 
this is performed by the spectral analysis of individual pixels and their association with 
other neighbouring pixels. The results of classification depend largely on the type of 
area, land cover type, and image acquisition date. However, the results of the 
classification are directly affected by spectral confusion of land cover types and mixed 
pixels (Suzen, 2002). The vegetation covers and soil moisture conditions produce 
distinctive spectral responses in the electromagnetic spectrum that gives the opportunity 
to the classifier to classify them easily. However, landslides also produce subtle changes 
in the health of the vegetation, altering the natural state of the surface and underground 
drainage conditions, and then the soil moisture content.  
3.3.3.4.1 Input data  
Input data to establish the land cover map are Landsat TM and Landsat ETM+. Data 
information is shown in Table 3.4.  
3.3.3.4.2 Input data construction 
The process for Remote Sensing image for land cover mapping of the research area is 
described in the picture below (Figure 3.17). In this study, the classification method 
firstly used was unsupervised classification and after field checking the supervised 
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classification was used to process and classify land cover types. Software used to 
process and analyze is the ENVI 4.8.  
1) Unsupervised classification process was conducted using the ENVI 4.8, ISO-data 
cluster analysis tool. The unsupervised classification divides the pixels into statistically 
defined classes (Figure 3.17.).  The programme creates a new image in which the pixels 
are arranged in clusters, groups or classes depending on their spectral properties and the 
number of classes set. Then the interpreter assigns each class with a name. Primarily the 
programme has defined the number of classes by unsupervised classification image, 
which was produced with ENVI 4.8. The resulting of number of classes from this 
processes were reviewed and then the post classification techniques such as sieve 
classes, combine classes were used to get better results. In addition, the classification 
results were verified by field checking. Each of the classes was then assigned a certain 
land cover types. In this case study, the unsupervised classification provided the input 
information for the supervised classification. 
2) Supervised classification has been used in this study. Supervised classification of 
multispectral remote sensing imagery is commonly used for land cover determination. 
Supervised classification requires that the user select training areas for use as the basis 
for classification. It is important that these classes be a homogenous sample of the 
respective class, but at the same time includes the range of variability for that class. Thus 
more than one training area is used to represent a particular class. 
The size of the classified areas regarding the spatial resolution of the Landsat satellite is 
often too small to allow interpretation of individual slope instabilities. This restriction 
limits the use of spectral data, but incorporated with other factor maps, together provide 
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3.3.3.4.3 Land cover verification and class 
Following the visits to the study area, a land-cover classification scheme was 
developed. The classification scheme comprises eight land-cover classes that display all 
the major land-covers encountered in this area, related to considering the landslide 
hazard assessment procedure. These classes can be described as 1) Agricultural area 
which is an area which local people use for farming, mostly they are the areas around 
the Toktogul reservoir and other areas close to the river, 2) Barren land which is mostly 
distributed in the foot hill of the mountain, 3) Dense vegetation type I, 4) Dense 
vegetation type II, dense vegetation areas were divided into 2 groups because they show 
different types of vegetation seen from Landsat images, 5) Settlement, 6) Sparse 
vegetation which includes sparse forest and grass land, 7) snow & cloud, because of 
their reflect is the same  and 8) water body (Figure 3.18).   
Land cover map was once generated in ENVI 4.8 and then all layers of land cover were 
imported to ArcGIS 10. Using rasterized function in GIS, a new raster layer was created 
which contained only the data within the defined value ranges with the assigned code for 
that class (Table 3.9). Then, the raster layer was clipped by area boundary. 
Table 3.9 Land cover classes 
Classes Code value Area of classes (%) 
Agriculture 
Barren land 
Dense vegetation I 
Dense vegetation II 
Settlement 
Sparse vegetation 





























Figure 3.18 Land cover map of the study area 
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3.3.3.5 Normalized Difference Vegetation Index (NDVI) 
Normalized Difference Vegetation Index (NDVI) is one of the slope-based vegetation 
index models which are widely used to generate vegetation indices. NDVI is an index 
derived from reflectance measurements in the red and near-infrared portions of the 
electromagnetic spectrum describing the relative amount of active green biomass 
present at the time of imagery (Ercanoglu, 2005).  
3.3.3.5.1 Input data and data construction 
Landsat mosaicked images were used to create NDVI under ENVI 4.8's command 
function. The common formula of creating NDVI is: 
  NDVI = (IR - R)/ (IR + R)      (3.15)  
Where R and IR stand for the spectral reflectance measurements acquired in the visible 
(red) and near-infrared regions, respectively 
3.3.3.5.2 NDVI class 
There are some examples of NDVI classes; 10 classes (Ercanoglu, 2005; Lee & 
Pradhan, 2006), 9 classes (Pradhan, Sezer, Gokceoglu, & Buchroithner, 2010), 4 classes 
(Pradhan, 2010). In this study, the NDVI was classified into 8 groups as equal intervals 
as shown in Table 3.10 and Figure 3.19. 
Table 3.10 NDVI classes 
Classes Code value Area of classes (%) 
-1.00 to -0.75 
-0.75 to -0.50 
-0.50 to -0.25 
-0.25 to 0 
0 to 0.25 
0.25 to 0.50 
0.50 to 0.75 




























Figure 3.19 NDVI map of the study are 
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3.3.4 The limitations of data scale and reliability in landslide susceptibility 
mapping in this study 
Understanding the limitation of the input data in terms of scale and reliability is 
necessary to establish the levels of confidence to apply to the finding and results of the 
study.  
The high resolution of SPOT DEM available is a 20m grid and was used to generate 
most of the topographic factors including slope, elevation, aspect, and SPI. This 20m 
grid resolution effectively limits the resolution of the final susceptibility maps to this 
20m grid size. Moreover, the scale of the original maps used to generate the raster maps 
varies and this has effects on the resolution of the raster and the coarseness of the data it 
represents. For example, the NDVI map is output of a regional scale which derived 
from 30m Landsat ETM+ image, so whilst this map has been rasterised to display 15m 
grid cells, the underlying data has coarseness of 30m. In addition to the scale issues, 
many of the input data are output of models, based on calculations of parameters and 
extrapolations of data point. The accuracy of the models was not independently tested 
during this study, so a degree of uncertainty and an amount of introduced error from the 
input models is not accurately known. 
The accuracy and the ultimate usefulness of a landslide susceptibility map are basically 
an issue of the quality and reliability of the input data. The choice of analysis techniques 
and the methodology used to process the data secondary to the actual raw data 
quality. An incomplete or unreliable data may result in erroneous susceptibility 
assessment (Guzzetti, 2 0 0 5). Consequently, the reliable landslide susceptibility map 
depends on a reliable input data. The data required in this study is divided into two 
groups including landslide inventory data and independent variables. The most 
important dataset is the landslide inventory data as this data is the data to which other 
thematic layers are statistically compared. Achieving a complete landslide inventory 
in a large study area such as in the Tien Shan Mountain of Kyrgyzstan is impossible. 
However, every effort has been made to map as many visible landslide scars as possible 
in an attempt to minimise the error and produce accurate susceptibility map. Another 
issue related to data reliability is an uncertainty in landslide mapping both type and 
distribution. If landslides are not shown correctly or are incomplete, the mapping can be 
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affected by errors and uncertainties. Subsequently, the reliability of a landslide 
inventory map varies depending on morphology, land-use pattern, presence of forest, 
and abundance and location of anthropic elements (Malamud et al., 2004) and also 
expert interpretation.  
The independent factors are a collection of thematic layers which are considered to have 
a controlling effect on the occurrence of landslides and are used as causal factors in the 
prediction of the future landslides (Van Western et al., 2008). The independent factors 
used in this study were mentioned earlier (See section 3.3.2). The range of factors that 
contribute to landslide susceptibility to landsliding is much greater than the factors used 
in this study. However, the data availability in this study is limited due to the 
inaccessibility of the data. Some factors were newly constructed, for example 
interpreting fault lines with no surface expression. Therefore, mapping using expert 
judgment, could lead to uncertainty and affect susceptibility model. Consequently, there 
was a limitation on the reliable sources of the input data.  
3.3.5 Data gaps 
Although a landslide inventory and environmental data are available, some of the data 
are at a relatively poor resolution: for example, many smaller landslides were not 
recorded; the lithology is at a 1:250,000 scale with relatively poor resolution. 
Additionally, the independent variables chosen are those common set of data as 
conditioning factors already available for the study area or can be derived from the 
DEM. There are several independent variables which might be important for causing 
some specific landslide types, but was difficult to obtain. It can be seen that the 
available data in the study area are very limited.  The independent variables that were 
missing are hydrologic factor including surface and groundwater as well as geotechnical 
characteristics including shear strength and pore water pressure. Susceptibility 
assessment indicates that rock and soil type play a fundamental role in the occurrence of 
landslides. However, information about soil type and superficial deposit especially 
distribution and thickness of loess do not exist for the study area. There are some 
publications about loess distribution but mostly in the northern Tien Shan (Youn, et al., 
2014) where is off the study area. Moreover, seismicity and acceleration data which is 




The methods used to produce landslide susceptibility were frequency ratio, weights of 
evidence and logistic regression techniques.  Spatial data of predicting factors were 
obtained, manipulated, processed and mapped using GIS to obtain nine parameter maps. 
The basis for the classification of each variable was discussed. Topographic parameters 
including aspect, slope, elevation, and SPI, fault lines and drainage systems were 
derived from a 20 m resolution digital elevation model derived from SPOT satellite 
images. A new digital geological map was generated based on existing geological maps 
which were provided in digital photographs (jpg). Land cover map was generated from 
Landsat images as well as Normalized Difference Vegetation Index (NDVI). All these 
spatial thematic maps were classified as categorical polygon vector data and converted 
to raster data to be used in the susceptibility models. 
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Chapter 4 Study area: Landslide inventory and distribution 
4.1 Landslide situation in the study area 
According to the Ministry of Ecology and Emergency (MEE) which is responsible for 
hazard assessment and operational disaster mitigation mass movements have the highest 
hazardous potential in Kyrgyzstan as they often occur in the vicinity of settlements or 
affect populated areas with their extensive runout zones. Regularly occurring processes 
are landslides, rockslides, mudflows, debris flows and glacier lake outbursts (Roessner 
et al., 2006). Landslides in Kyrgyzstan have been studied for the last 50 years Most of 
the investigations have been published in Russian in form of internal reports. Only a 
few results have been published in the international literature for Kyrgyzstan (Roessner 
et al., 2006) and about 3,000 landslides have been recorded based on field investigations 
and analysis of aerial photographs for selected areas of high landslide activity 
(Roessner, Wetzel, Kaufmann, & Sarnagoev, 2005). However, most of the landslide 
studies are focused on a single landslide event. For example, the Suusamyr region 
affected by a Ms=7.3 earthquake in 1992 (Havenith, Strom, et al., 2006b); the Mailuu-
Suu valley, nuclear waste storage and former mining area (Havenith, Torgoev, et al., 
2006b); the Gulcha area affected by several loess-landslide disasters in 2002 and 2005 
(Danneels et al., n.d.). Nevertheless, a consequential spatial and temporal inventory of 
landslides over large areas has not yet been carried out. This is due mainly to the limited 
availability of spatial data (detailed maps and remote sensing data) that has been caused 
by a restrictive data policy during Soviet times and insufficient financial and 
technological means at present (Strom et al., 2005) 
4.1.1 The relevant and existing researches in landslide study in the Tien Shan 
Mountain, Kyrgyzstan. 
The certain amount of landslide research has been carried out in the Tien Shan 
Mountain Range of Kyrgyzstan. Most of them were focussing on single event of 
landslide occurrences. For example, (Havenith, Torgoev, et al., 2006b) presented an 
analysis of detail hazards induced by numerous landslides in the Mailuu-Suu Valley, 
such as landslide susceptibility, historical evolution of landslide activity, size-frequency 
relationship, river damming and flooding as well impacts on inhabited areas and nuclear 
waste storage zones. The study was carried out with standard image processing of 
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remote sensing tools using satellite image, ASTER and Shuttle Radar Topography 
Mission (SRTM). Then the interpretation was used as input combining with landslide 
distribution maps, geological and geomorphic maps as well as information from 
landslide monitoring and geophysical investigation. Accordingly, various types of 
landslide susceptibility maps are presented as well as landslide prediction and related 
damming potential and their impact on humans. Moreover, (Havenith, Strom, et al., 
2006b) studied landslide in the Suusamyr region using similar methods as in the 
Mailuu-Suu Valley, although the study was focusing on the influence of geological and 
morphological factors on landslide occurrence on a regional scale. The study also 
presented a landslide susceptibility map of the area. Danneels, et al (n.d.) used a similar 
technique to (Havenith, Strom, et al., 2006b) in the Gulcha area, Southern Kyrgyzstan, 
to detect landslide and produce landslide susceptibility map. Moreover, the 
automatically landslide detecting method was developed using several inputs such as 
Multi-spectral ASTER and SPOT images as well as digital elevation models (DEMs). 
The landslide inventory and landslide susceptibility maps were produced. However, the 
result needed to be verified as the methods were being developed and quality of inputs 
was limited. (Roessner et al., 2005) also studied in the Upper Mailuu-Suu River and 
using similar techniques to Havenith, et,al (2006) and Danneels, et al (n.d.) but in 
slightly different aspects. The main aspect of the study was to prove that satellite remote 
sensing and GIS have potential for landslide hazard assessment in Southern Kyrgyzstan. 
The study was carried out by applying remote sensing and GIS techniques using 
different satellite images such as Landsat ETM, ASTER, MOMS-2P and radar (ERS-
1/2) to identify landslide, generate topographical information and characterise 
geological setting. The result proved that available remote sensing data combining with 
GIS is a valuable source to improve landslide investigation in Southern Kyrgyzstan. 
Nevertheless, as mentioned above the landslide study in the Tien Shan mountain of 
Kyrgyzstan was focusing on single landslide event, therefore (Strom & Korup, 2006; 
Strom, Korup, et al., 2005) compiled a regional GIS inventory of rockslides, landslides, 
and related phenomena across the entire Tien Shan. Mapping was based on the analysis 
of high resolution space images such as KFA-1000, KFA-3000, Corona, SPOT, 
ASTER, and IRS. The result has not yet been published due to the project not being 
finished. Table 4.1 shows a summary of existing landslide research in the Tien Shan, 







Table 4.1 Summary of example of landslide study in the Tien Shan Mountain range in Kyrgyzstan 
Authors Study Area Methods/Techniques Dataset Aims 





- Automated landslide detecting 
method based on a pixel-based 
classification using an 
Artificial Neural Network 
(ANN) 
 




- To produce landslide inventory and 
susceptibility maps 




- Satellite image processing to 
identify landslides  
- Size-frequency method to 
validate landslide result from 
automated detection 
- GIS based technique; 
statistical analysis using Arc 
GIS to produce landslide 
susceptibility map 
- Satellite imagery;  ASTER,  
- DEM derived from SRTM, 
- landslide distribution map 
- information from landslide monitoring 
and geophysical investigation 
- Related factors; slope, curvature, 
aspect, geology, distance to faults , 
and Principal Components x,y,z of the 
VNIR spectral bands of ASTER 
images 
 
- To analyze landslide hazard 
assessment such as landslide 
susceptibility map, historical 
evaluation of landslide activity, size-
frequency relationship, river 
damming and flooding, and impacts 
on inhabited areas and nuclear waste 
storage zone 
Schlögel, et al. 
(2011) 
the Maily ‐ 
Say Valley,  
Southern 
Kyrgyzstan 
- Satellite image processing to 
identify landslides using 
change detection technique 
- Subtraction has been applied 
to previously calculated 
normalized difference 
vegetation index (NDVI) maps 
in order define the landslide 
activity 
- Quickbird images 
- Aerial photographs 
- To define the landslide activity 
- To analyse the evolution of landslide 
activity over the past 50 years  







Authors Study Area Methods/Techniques Dataset Aims 






- Image processing such as 
image enhancement, visual 
interpretation and automated 
information extraction for 
landslide identification as well 
as geological setting 
- Extract DEM with programme 
developed by DLR, Germany 
- Use the surface hydrological 
analysis tool of ARC/INFO to 
generate morphological 
features; drainage networks, 
watersheds 
- Satellite imageries; Landsat-TM, 
ETM, MOMS-2P, ASTER, IKONOS, 
QuickBird and HYPERION 
- Radar data; ERS-1/2, SRTM, 
ENVISAT 
- To obtain landslide characteristics 
(Landslide identification) and related 
phenomena such as scarps, faults an 
change of surface cover 
- To generate topographic information 
for generating morphological 
features and detecting surface 
changes result from earthquake and 
mass movement 
- To map detailed geology and young 
tectonic structures related to 
occurrence of landslides 
Strom, et al. 
(2005) 
The Tien Shan 
Mountain, 
Kyrgyzstan 
- Standard technique of image 
processing such as band 
combination, image 
classification 
- Fieldwork to validate remote 
sensing interpretation 
- Satellite imageries; KFA-1000, KFA-
3000, Corona, SPOT, ASTER and 
IRS 
- To compile uniform landslide 
inventory map 
- To establish magnitude-frequency 
curves + limit equilibrium and back 
analyses to test that most of large 
rock slope failures would be of 
seismic origin 
Strom, et al. 
(2006) 
The Tien Shan 
Mountain, 
Kyrgyzstan 
- Standard technique of image 
processing such as band 
combination, image 
classification 
- Fieldwork to validate remote 
sensing interpretation 
- DEM derived from SRTM 
- Satellite imageries; KFA-1000 and 
Landsat ETM+ 
- Describe rock slope failures with 
estimated volumes > 1km3 
- Examine characteristics of mega-
landslides and their surrounding 
terrain 
Table 4.1 Continued 
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4.1.2 Landslide type and distribution 
Kalmetieva et al. (2009) gathered studies of landslide in the Tien Shan Mountain and 
described type and distribution of landslide as follow: 
Landslides are mostly concentrated in the Southern Kyrgyzstan along the 
topographically rising Eastern rim of the Fergana Basin, below its transition into the 
high mountainous terrain (Kalmetieva et al., 2009). Landslides mostly occur in the form 
of rotational slides at elevations between 700 and 2000 meter in weakly consolidated 
Quaternary and Tertiary sediments, consisting of loess, sand and siltstones, clays, loams 
and carbonates (Roessner et al., 2005). According to Kalmetieva et al. (2009), 
landslides could be subdivided into two categories; (1) landslides of soft and semi-hard 
rock layers (Mesozoic-Cenozoic deposits), and (2) landsliding and falling processes in 
semi-hard and hard rock layers (terrigenous, metamorphic, more rarely intrusive 




Figure 4.1 The map of landslides in Kyrgyzstan  (Kalmetieva et al., 2009).   
 122 
 
4.1.2.1 Landslides of soft and semi-hard rock layers 
About 80% of active landslides take place in bordering parts of large depressions within 
the areas made of Mesozoic-Cenozoic formations. In Mesozoic-Cenozoic formations 
the development of landslide processes is related to two main factors: (1) the presence 
of a large amount of fine dispersed rocks-clays, argillites, loams, and (2) the level of 
natural moisture (groundwater level, precipitations) if the annual amount of 
precipitations exceeds the average annual norm. Such a combination of conditions is 
met along the rim of the Fergana Basin and locally in the Eastern part of the Issyk-Kul 
Basin.  
Landslides occur at different altitudes, but most of them are located in the low - middle 
mountainous zone at an altitude between 1,100 and 2,200 meters. Between these 
altitudes, along the border of large depressions, mainly Mesozoic-Cenozoic deposits are 
developed. Abundant precipitations and the presence of Mesozoic-Cenozoic rocks 
covering large parts of the Fergana Basin rim create favourable conditions for landslides 
in these areas. More than 80% of the total amounts of active landslides are located there. 
About 70% of all the landslides are developed in Paleogene and Cretaceous deposits, 
represented by layers of clays, argillites, siltstones, sandstones, marls, limestones, 
gypsum and conglomerates. Those layers are often covered by Quaternary loess 
deposits. Landslides mainly take place on the limbs of folds made of clay and argillite. 
The main reasons for the formation of slides are: the high wetness of rocks related to 
atmospheric precipitations and the high groundwater level. They are usually formed in 
places of contacts between permeable rocks and impermeable clays and argillites. When 
the level of atmospheric precipitations is up to 20% higher than the average over a long 
period, generally an activation of existing landslides is not observed or is very small. An 
activation of landslide processes is higher than the average, when the level of 




4.1.2.2 Landslides in bedrocks 
Rockslides and rockfalls tend to be located close to tectonic faults and seismic zones on 
the territory of Kyrgyzstan. The existing rockfalls and rockslides of this category can be 
very large, but are generally in a stable or temporarily stable state. In case of repeated 
seismic actions, extreme exogenous or anthropogenic processes, secondary 
deformations are possible: movements of the whole rockfall body or its separate parts. 
For many seismogenic rockfalls and rockslides initial failure is immediately triggered 
by the seismic action. However, often the final mass movement develops only after 
some time, weeks, months or years after the earthquake, according to the influence of 
other exogenous processes. In some cases, aftershocks or later earthquakes are the final 
“trigger’ of the total failure of the rockslope that was initiated by the main shock. The 
range of mass movement velocities is rather wide, from slow creeping of several 
mm/year up to 100 m/sec in case of rockfalls. 
In reality, all movements of this kind take place episodically or in cycles. During some 
periods, the slope stays relatively stable, but during others its stability decreases and the 
movement starts again. It becomes catastrophic when the slope loses its stability, and 
kinetic energy of the moving rockfall increases. The activation of massive movements 
could be caused by such regular phenomena as seasonal rains, snow melting, thawing 
ground, earthquakes, and solar activity and so on. In conditions of strong relief, 
landslides are rather common phenomena. Their sizes are not considerable; the largest 
are rare and often related to the category of seismogravitational slides. Seismically 
triggered movements of large masses with a volume of 10 m³ or more generally occur 









Figure 4.2 Photos of landslides in Southern Kyrgyzstan ; a) Ancient and recent landslide 
slopes, Kara-Kul city of Toktogul District (the photo made by A.V.Meleshko), b) 
Seismic fall near Ylai-Tala village of Kara-Kuldja district (the photograph made by 
A.V. Meleshko), c) The landslide in Gulcha village took place in 2000, the volume is 14 
mln. m³. 148 residential houses, technical structures and utility lines of the village were 
destroyed, d) The ancient landslide in Kara-Kuldja district on the left bank of Tar river 
(the photograph made by A.V.Meleshko) and e) The landslide  in loessial sediments 
took place in1994, in Komsomol village of Uzgen region and killed 26 people 
(Kalmetieva et al., 2009)   
 125 
 
4.3 Landslide inventory mapping of the study area 
A landslide inventory map is the simplest output of direct landslide mapping. It shows 
the location of discernible landslides (Dahal et al., 2008). A landslide inventory map 
provides the spatial distribution of locations of existing landslides (Yalcin, 2008). 
Malamud (2004) stated that there are different techniques used to prepare inventory 
maps depend on “(1) the reason the map is being prepared, (2) the extent of the study 
area, (3) the scales of base maps and aerial photographs, and (4) the resources available 
to carry out the work (Guzzetti et al., 1999). Landslide maps can be prepared by 
collecting historical information, or from the analysis of aerial photographs together 
with field investigation. The former is the construction of a landslide archive and 
reports the location of sites where landslides are known to have occurred. The latter are 
geomorphological maps that describe the distribution of landslide locations (Malamud 
et al., 2004). Landslide inventories can be compiled at different scales from a variety of 
sources (Malamud et al., 2004). Table 4.2 show landslide inventory mapping scales. 
Table 4.2 landslide inventory mapping scales  (Modified and complied from Malamud, 
et al., 2004) 
Scale Indicative range of scale Sources 
Small < 1:200,000 Compiled through inquires to public 
organizations and private consultants, by 
searching chronicles, journals, technical and 
scientific reports or by interviewing landslide 
experts or through  aerial  photograph  
interpretation 
Medium 1:25,000  to 1:20,000 Prepared through the systematic interpretation 
of aerial photographs at print scales 1:60,000 
to 1:20,000 and by integrating local field 
checks with historical information 
Large > 1:25,,000 Prepared usually for limited areas, using both 
the  interpretation of aerial photographs at 
print scales  > 1:20,000 and extensive field 
investigations that use a variety of techniques 
and tools pertaining to geomorphology, 





4.3.1 Satellite image interpretation 
4.3.1.1 SPOT-5 imagery 
SPOT-5, a high-resolution; optical imaging Earth observation satellite system operating 
from space is the latest satellite of the SPOT family, launched during the night of the 
3rd to the 4th of May 2002 from the European Spaceport in Kourou (French Guyana) 
with one of the last Ariane 4 to be used. 
SPOT-5 imagery was available for the study area in 2.5m panchromatic format. The 
SPOT-5 images were obtained from "Incentive for the Scientific use of Images from the 
Spot system" (ISIS), which is a French programme aimed at optimising access to the 
Spot infrastucture so as to facilitate European space scientific research. There are three 
scenes of SPOT-5 panchromatic band images at 2.5m resolution taken on 10 January 
2010 covering the Toktogul region and its vicinity (Figure 4.3).  
4.3.1.2 Landslide mapping methodology 
Landslide detection using remotely sensed imagery relies on differentiation between the 
surface properties of landslides and the surrounding terrain. In order to examine the 
regional distribution of landslides, these following methods of data interpretation are 
described.  
4.3.1.2.1 SPOT Processing  
Enhancement techniques that can be applied to SPOT imagery evaluated here are 
limited to contrast enhancements because SPOT images considered here are 
panchromatic. Two transformations were applied to improve contrast between vegetated 
and un-vegetated ground. Linear contrast stretches and logarithmic contrast 
transformations were applied to enhance landslides in sunlit and shadowed portions of 










4.3.1.2.2 Visual interpretation 
ENVI 4.8 was used for image processing including image enhancement in order to 
improve the images while ArcGIS 10 was used for digitization and 3D visualization. 
The SPOT-5 2.5m panchromatic images were used for identifying landslide. 
Digitization of the boundaries of each element of the landslides; for example main scarp 
and accumulation body was carried out directly on the screen.  
For the mapping of landslides using satellite images, an understanding of the 
environment and mode of occurrence of different landslide types in the field, plus an 
understanding of how they are represented on the satellite image, had to be acquired. 
The landslide interpretation was based on four general criteria, these were:  
1. Geomorphological features  
2. Drainage, erosion and hydrological features  
3. Soil or vegetation tones  
4. Human features and land use patterns  
The presence of elements in any single one of the above criteria does not necessarily 
indicate the presence of a landslide. Normally it is a combination of elements across 
these groups that points to the possibility of the existence of a landslide. Even when 
features from all these criteria are present there are many cases where field verification 
had to be undertaken to confirm the presence or absence of a landslide.   
In this study, a simplified scheme for mass movement recognition for aerial photo 
interpretation ((Dikau et al., 1996; Rib & Liang, 1978) summarised in Table 3.3 was 
adapted for satellite image interpretation and used to identify landslide location and 







Table 4.3 A simplified scheme for the recognition of mass movements (Dikau et al., 1996; Rib & Liang, 1978)  
Landslide type Crown Main scarp Flanks Head Body Foot Toe 
Fall, topple Consists of loose 
rock, debris or soil; 
probably has crack 
behind scarp; in rock 
has irregular shape 
controlled by local 
joint system. 
Usually almost vertical, 
irregular bare and fresh, 
consisting of joint or fault 
shears in rock and spalling on 
the surface if debris or soil. 
Mostly bare edges of rock, 
often nearly vertical. 
Usually not well defined; 
consists of fallen material 
that form a heap of rock, 
debris or soil next to the 
scarp 
Fall: irregular surface of jumbled 
rock that slopes away from the 
scar and that, if large, tress may 
show direction of movement 
radial from the scarp; may 
contain depressions. Topple: 
consist of unit or units tilted away 
from the crown. 
Commonly buried; if 
visible, generally 
shows evidence of 
reason for failure, 
such as prominent 
joint or bedding 
surface, underlying 
weak rock, or banks 
undercut by water. 
Irregular piles of debris or 
talus if slide is small; may 
have rounded outline and 
consist of broad, curved 
transverse ridge if slide is 
large. 
Rotational slide 
(single, multiple or 
successive) 
Consist of cracks that 
tend to follow 
fracture patterns in 
the original rock; in 
debris or soil cracks 
are mostly curved 
concave toward the 
slide. 
Steep, bare, concave toward 
the slide and commonly high; 
may show striae and furrow 
on the surface running from 
crown to head; may be vertical 
in the upper part. 
Have striae with strong 
vertical components near 
head and strong horizontal 
component near foot; have 
scarp height that decreases 
toward foot; may be higher 
than original ground 
surface between foot and 
toe; have ‘en echelon’ 
cracks that outline slide in 
earlier stages. 
Remnants of land surface 
flatter than original slope 
or even tilted into hill, 
creating at base of main 
scarp depressions in which 
perimeter ponds for; has 
transverse cracks, minor 
scarps, grabens, fault 
blocks; bedding attitude 
different from surrounding; 
trees lean uphill. 
Consists of original slump blocks 
generally broken into smaller 
masses; has longitudinal cracks, 
pressure ridges and occasional 
over thrusting; commonly 




over the foot line and 
transverse pressure 
ridges developing 
below the foot line; 
have zone of uplift, 
no large individual 
blocks and tress that 
lean downhill. 
Often a zone of earth flow 
of lobate form in which 
material is rolled over and 
buried; has trees that lie 
flat or at various angles 
and are mixed into the toe 
material; in rock there is 
little or no flow, often 
nearly straight and close 
to the foot may have steep 
front. 
Translational slide; 
rock slide,  debris 
slide,  mudslide 
Consists of loose 
material and has 
cracks between 
blocks. 
Usually stepped according to 
spacing of joints or bedding 
planes in rock; has irregular 
surface in upper part and is 
planar or gently sloping in 
lower part  
Irregular Many blocks of rock, 
debris or soil. 
Rough surface of many blocks 
some of which may be in 
approximately their original 
altitude but lower if movement 
was slow; shows flow structure. 
 Consists of an 
accumulation zone of 
rock, debris or soil; 
spreading and lobate often 
consists of material rolled 
over and buried. 
Debris flow Few cracks Typically has V-shaped upper 
part; is long and narrow, bare 
and commonly striated. 
Commonly diverges in 
direction movement. 
 Consists of large blocks pushed 
along in a matrix of finer 
material; has flow lines; follows 
drainage patterns; is very long 
compared to its breadth. 
Buried in debris. Spreads laterally in lobes; 
if dry, may have a steep 
front about a meter high. 
Soil flow Few cracks Steep and concave toward 
slide; may have a variety of 
shapes in outline; nearly 
straight, aruate, circular or 
bottle-shaped. 
  Conical heap of soil, equal in 
volume to the head region. 
 Spreading and lobate. 
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Table 4.4 How to recognise characteristic landslide features from aerial photographs 




4.3.1.2 Using Google Earth to validate landslide interpretation 
Landslide inventory mapped from SPOT image was verified using Google Earth 
imagery. With today's technology features on the land surface in locations all over the 
world are able to be seen on the Google Earth. In some areas where high resolution 
images (2.5 m colour SPOT, or 1.65m GeoEye or 0.6m Quickbird images) are available 
on Google Earth, landslides can be detected. Figure 4.4 and 4.5 demonstrate examples 
of landslide validation by using Google Earth images. 
 
 
Figure 4.4 Landslide location  a) SPOT panchromatic image; landslides hardy be 
identified on the SPOT image, b) Google earth SPOT colour image; landslides (barren 











Figure 4.5 Landslide location detected by SPOT-5 image and Google Earth.  a) Landslides cannot be seen on SPOT panchromatic image, b) Google 





From using Google Earth to identify and validate landslides interpreted from SPOT-5 
panchromatic images, it was found that 434 landslides were misinterpreted and have 
been added to landslide slide database. 
4.3.1.3 The effectiveness of SPOT and Google Earth for landslide mapping 
The studies demonstrate some of the ways in which SPOT 5 panchromatic imagery with 
2.5m resolution can be used for spectral and textural feature recognition in unstable 
terrain. SPOT 5 in combination with digital elevation models (DEMs) are particularly 
helpful for determining large, kilometre-sized landslide for mountain terrain. Several 
features typical of landslides that have actually taken place were visually recognized: a) 
spreading at toe, with river diversion; b) slope ruptures created by scarps; c) 
deformation of linear features, like roads.  The 2.5 m pixel resolution allows a more 
reliable detection and the tracing of the boundaries of the landslides. Another benefit of 
the SPOT 5 compared to traditional field or aerial methods includes the immediate 
compatibility with a GIS and the relative quickness of obtaining landslide inventory for 
large areas without accessing all of the area of interest. 
Google Earth has been obtaining and providing free GeoEye-1 data, provided by Digital 
Globe, with a spatial resolution of about 1.5 m. Recently, Google has increasingly 
uploaded older imagery, usually a combination of satellite images and aerial 
photographs, in some places dating back to the 1940s. The availability of these data has 
provided researcher with opportunity to map the temporal development of slope failures 
at no cost. Freely available, high resolution satellite imagery in Google Earth not only 
allows identification of research questions but is also critical in pre-fieldwork mapping, 
targeting sites for field work, and disseminating research results in areas of the world 
where field work is difficult, funding is poor, and access to dissemination of research 
results outside the region is limited. Although it is not very useful in high mountain 
areas due to its 30m spatial resolution in some places, especially in remote terrain where 
landslides may be most frequent, is too low to map most landslides. However, Sato and 
Harp (2009) tested the use of Google Earth as a base map for imported imagery to map 
landslide triggered by 2008 Wenchuan earthquake. They concluded that Google Earth is 
an effective and rapid reconnaissance tool. In this study also found that Google is an 
effective tool for landslide mapping. The 3-D capabilities and zooming functions that 
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are available in Google Earth, together with the possibility of drawing polygons on the 
image, greatly facilitate the interpretation and mapping of landslides. Some big 
landslides that cannot be seen as a whole in the field due to their larger size can be seen 
in the 3-D mode of Google Earth.  
4.3.2 Field investigation   
Satellite image interpretation stage is used for landslide inventory mapping for the 
whole study area. While field investigations were carried out to visit the landslides in 
several locations in the Toktogul region in order to identify landslide and to gain a 
better understanding of types and geomorpholoy of landslides. Moreover, with an 
approximate understanding of the overall topographic feature and knowledge of the 
characteristic of landslide from satellite imagery, a detailed field investigation was 
developed to validate the interpretation. The landslides were investigated primarily on 
the basis of geomorphology. Locations with scarps, hummocky topography, ground 
cracks, evacuated areas, transverse ridges, or contour lines that changed from concave 
to convex were investigated in the field. Scarps, ground cracks, and evacuated areas are 
geomorphic features unique to landslide processes. A combination of satellite 
interpretation and field survey was used to create a landslide geomorphological map. 
A significant number of large landslides (size in the order of millions of m3) have been 
recorded in the Kyrgyzstan including Osh-Jalal-Abad region, Uzgen district, Alay 
district and the Kara-Sogot region and Suusamyr (Saponaro, et al., 2014). Saponaro, et 
al. (2014) studied landslide susceptibility map and produced landslide inventory for 
Jalal-Abad region where is part of this study area. Therefore, some of the landslides can 
be checked using their interpretation.  
In the detailed investigation, due to time limitation and obstruction of access to the area, 
the field investigation was carried out only in three main locations where the availability 
of access was possible. These locations are Kara-Unkyur valley, Kara-Suu valley, and 




4.3.2.1 Landslides in Kara-Unkyur Valley 
Kara-Unkur valley is located in Bazar-Korgon District, Jalal-Abad Province, south of 
Kyrgyzstan. The main river that runs through the valley is Kara-Unkyur River (Figure 
4.6). Several landslides have occurred in the valley. From SPOT 5 panchromatic 
interpretation, there are many types of landslide including lateral spread, complex 
landslide, debris flow, mudslide, and earth flow. Most of them are still active. However, 
three particular landslide types were investigated; lateral spread, complex landslide, and 
translational slide. Figure 4.6 shows landslide distribution in Kara-Unkyur valley 
interpreted from SPOT-5 panchromatic satellite image.  
 
Figure 4.6 landslide distribution (red polygons) in Kara-Unkyur valley overlay on 




 4.3.2.1.1 Lateral spread 
 Satellite image interpretation  
Figure 4.7 shows the large lateral spread in kara-Unkyur valley. This landslide is 
approximately 6 km long and 4.5 km wide. The main scarp (the line on which the 
ground has failed) is marked by the red dashed line. The slide has moved from south to 
north (Red arrow), with the toe of the slide pushing out into the river bed, diverting it to 
the north. At the head scarp shows irregular arrangement of large blocks (horst and 
garben topographic features), which are tilting in north and northwest directions. 
Block's size decreases with distance from head scarp until it become flat. The landslide 
body consists of several smaller landslides including translational slides and flows 
(Figure 4.7). Flows normally occur in the area close to the main scarps and translational 




Figure 4.7 Large lateral spread seen from SPOT 5 panchromatic satellite image.  Red 
dash line indicates head scarp.  
 
Translational slides 















Due to the limitation of accessing the landslide area, the field investigation in this 
location was performed by observing from a distance across the river. This landslide 
was very mobile. This main body initially moved into the valley as an earth slide and 
debris flow (Figure 4.8 and 4.14). Farther downstream, the landslide deposits were 
partially reworked. These reworked landslides are indicated by steep secondary scarps 
and the hummocky surface which reveals the extent of the landslide surface. Two main 
streams, which run through the landslide body, divide the landslide into three parts. The 
left hand side covered by grassland shows active translational slides with irregular 
hummocky surface and tilted trees on landslide body (figure 4.9). The middle part is 
covered by sparse vegetation, translational landslides also developed in this part (Figure 
4.9). In the right hand side, it is difficult to identify details due to very dense vegetation. 
However, this part is also moving as there is evidence of bowl-shaped scarps from 
which it can be assumed that rotational slides have occurred (Figure 4.14) 
 
Figure 4.8 The translational landslide reworked at the left hand side of the main 





Figure 4.9 Translational landslides developed in the middle part of the accumulation 
zone. Red thick dashed line indicates main scarp. Yellow thinner dashed lines indicate 
scarps of translational slides, and yellow arrows indicate direction of the movements. 
 
Figure 4.10 The right hand side of the landslide. Yellow thinner dashed lines indicate 




4.3.2.1.2 Complex landslide 
Satellite image interpretation and geomorphological mapping 
The map produced by the interpretation of satellite image and field investigation is 
presented as Figure 4.9. It shows the distribution of landforms and slope units within the 
complex landslide. Details of the geomorphology, as examined in the field are presented 
in the following section.  
The active complex landslide presents well developed morphological features indicative 
of landslides which can be recognised clearly through image interpretation as shown in 
Figure 4.11. Landslide itself covers an area of approximately 12 km2 (4.7 km long and 
2.5 km wide). The uppermost part of the active complex landslide was marked by the 
presence of a steep upper cliff that forms the main scarp of the landslide. Commonly, 
the landslide body consists of several smaller landslide blocks that merge together to 
form the larger landslide complex. Lateral scarps between the individual landslide 
blocks are well defined. At the main body, there was evidence of large graben like 
features associated with large rotational blocks creating two main large back tilted steps. 
Within the rotational blocks, due to the great mass of material and the steep slope, the 
resultant material quickly breaks into a mass of debris that moves downslope causing 
secondary failures, mainly debris flow and mudslide on lower part of the complex slide.  
The complex landslide was divided into two main parts; the north and the south. In the 
northern part, there was less activity. The main body is composed of large rotational 
slides. The large steps clearly showed the backtilted rotated slides with showed some 
epic irregular surface. In the southern part, the slide is more active. The centre of the 
active complex was dominated by rotational slides and several debris flows and mud 
flows developed within the rotational body. This landslide has recently been reworked 
as it can be seen from the image (Figure 4.11) that the toe of the slide has moved out 








Figure 4.11 Complex landslide in Kara-Unkyur valley. a) SPOT panchromatic image and b) geomorphological map of the complex landslide 





Due to limitation of accessing the landslide body, the investigation was carried out only 
from a distance and only the lower part of landslide body was well observed. From field 
investigation, the entire slope along the mountain range appears to have been affected 
by mass movement as suggested by its hummocky topography, ridge-and-hollow 
morphology, mid-slope benches, and toe convexities. At the top of the landslide, there 
are evidences of several bowl-shaped scarps forming main scarp at the top ridge (Figure 
4.12) with the main mass of the landslide below. Three steps of the main and secondary 
scarps can easily be seen (Figure 4.13). The complex landslide is very mobile and 
active. The complex landslides exhibit several types of movement including rotational 
slide, translational slide, flows and mudslide. The lowest step of the landslide consists 
of smaller debris flows, mud flows and rotational slides which are moving toward the 
river.  
 
Figure 4.12 Complex landslides was characterised by translational slide, rotational 











Figure 4.13 Complex landslide showing the head scarp (Red dashed line), second minor scarp (Orange dashed line), and third minor scarp (yellow 
dashed line) and subsequent smaller landslides including, rotational slide and flows across the minor scarps. The main landslide body is very 












Figure 4.14 Complex landslide and subsequent smaller landslides including, rotational slide and flows 
a) Southern Part of complex landslide and b) Northern part of complex landslide 
 
 






4.3.2.1.3 Translational slides 
Field investigation 
Translational slides in this valley are small in size (Figure 4.16 and 4.17). They cannot 
be identified by satellite image. However, they can be easily seen in the field along the 
southwest mountain ridge of the valley. The translational landslides were generally 
shallow slides occurring in Loess deposit. Translational landslides found in the study 
are area less common in solid geology. 
 





Figure 4.17 The translational slides move down the slope along the valley  (visible on 
the hill at left corner), and the toe or accumulation zone can be seen at right corner of 
the photo. 
4.3.2.2 Landslide in Kara-Suu Valley 
Kara-Suu valley is located in the Eastern part of the Totokul reservoir along the Talas-
Fergana fault. The river has occupied by landslide and reworked landslide deposits, 
bordered by mountain ridges acting as landslide source areas. The field study along the 
Kara-Suu valley reveals a series of landslide-dammed lakes.  
The first landslide (Figure 4.18) was a large rockslide which has blocked the river and 
formed a lake. The water in the dam has been removed. However, there is evidence that 
this area once used to be a lake as at the upstream of the landslide barrier, there are was 
planar surfaces and terrace deposits that indicate that the lake trapped behind the dam at 
least partially filled with sediment (Figure 4.19). 
Farther up-valley another large lake is draining across landslide mass. An expressive 
rockslide collapsed from a high steep slope and blocked the Kara-Suu River and created 
a landslide dam lake which can clearly seen from SPOT imagery (Figure 4.20). Water 
levels in the lake are governed by the permeability of the barrier (Figure 4.22). The 
landslide was probably triggered by a large earthquake on the Talas-Fergana. Using 
lichenometry Strom (1999) suggests an age of about 500 years for the landslide surface 
(NATO, 2010). 
 





Figure 4.18 Large rockslide has dammed the river occurred in Kara-Suu valley. Red 
dashed line indicates main scarp. 
 
Figure 4.19 A lake formed by rockslide 
Accumulation zone 





Figure 4.20 Landslide dam lake in Kara-Suu valley identified by SPOT image. The 
main scarp is outlined in red dashed line and yellow dashed line represents landslide 
body and accumulation zone. Red and yellow arrows indicate movement directions. 
 








Figure 4.22 Photograph of landslide accumulation zone forming a lake viewed from 
Northwest direction. 
4.3.2.3  Dead Lake landslide 
The prehistoric Dead Lakes complex slide in the Karakol River valley south of the large 
Toktogul reservoir fell from a 1.8-km high slope of Paleozoic metasediments and 
ultramaﬁc igneous rocks. It transformed into a 7.5-km long-runout rock avalanche 
deposit. Rockslide debris ﬁlled the valley and came to rest against the opposite slope 
without visible evidence of run-up, but with some up-stream and down-stream 
spreading. The detachment and accumulation zones together cover 20 km2. Rock-
avalanche motion must have been extremely rapid because a small portion of the debris 
rose over a local interﬂuve and entered an adjacent gully (Figure 4.23). Small ponds 
occupy depressions on the hummocky debris lobe surface (Figure 4.24). 
Figure 4.23 shows the geomorphological map of the Dead Lake landslide. This map was 
interpreted from SPOT imagery and field survey. The high steep main scarp is shown at 
the southern most of the map. There are evidences of several flow lobes developed 
within the landslide body (debris deposit) and hummocky surface can clearly be seen. 
Toe (Accumulation zone) 







Figure 4.23 The dead lake complex landslide, Main scarp is indicated by red dashed line. 
 







Figure 4.25 Dead lake landslide. a) SPOT 2.5m panchromatic image, 










4.3.4 Result of landslide inventory mapping 
Using satellite image interpretation techniques and field checking, landslides were 
mapped to create a landslide inventory map of the study area (Figure 4.30). Each 
landslide was represented by a 'polygon' (enclosed area). The unique identifier number, 
as assigned and was attached to the respective landslide polygons. Thus each polygon 
has its own identifier number. Attribute data was created to install information on each 
landslide. Information (attributes) recorded for each landslide included the type of 
landslide, activity, geology, and area (Appendix A)  
In total there are now 2,776 landslides in the landslide database for the study area (Table 
4.5). These landslides cover an area of approximately 202 km2 in total. This is 
approximately 1.6% of the total study area (12,280 km2). The minimum recorded area for 
a landslide is 119 m2 and the maximum is 11,535,655 m2. The mean area is 22,069 m2. 
Table 4.5 Percentage of landslides in landslide database classified by type 




Area (m2) Area (%) 
Compound/complex slides 16 0.58 31,431,445 15.57 
Debris flows/Debris slides 2148 77.38 105,903,979 52.41 
Earthflow/Mudflow 384 13.83 23,643,867 11.71 
Rock fall 18 0.65 938,158 0.46 
Rock slide 39 1.40 8,484,339 4.20 
Rotational slide 125 4.50 14,493,243 7.18 
Spread 2 0.07 10,491,698 5.20 
Translational slide 44 1.59 5,342,620 2.65 
Total 2776 100 201,829,349 100 
4.3.4.1 Landslide types  
The landslide type attribute is a description of the general type of landslide based on 
Varnes (1978) and the type of landslide in most cases was determined from satellite 
interpretation. These landslide types are identified as compound/complex landslide, 
debris flow/debris slide, earthflow/mudflow, rock fall, rotational slide, translational 
slide, and spread. Table 4.6 provides a brief description for each landslide type and the 
distribution is described below. 
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Table 4.6 Description of each landslide type. 
Types Description 
Compound/complex slides The landslide body consists of several smaller landslide 
blocks including flows and mudslide, several hummocky 
lobes and developed ponds on surface. 
Debris flows/Debris slides Arcuate headscarp at the upper boundary of the slide. 
Debris travelled along narrow gently inclined valley. 
After reaching alluvial fan, debris formed an elongated 
blade bounded by longitudinal levees with transverse 
levees and furrows between them. 
Earthflow/Mudflow Arcuate headscarp at the upper boundary of the slide. 
elongated blade bounded, forming small terraces on hill 
slopes, develops hummocky surface on the landslid body. 
Rock fall Evidence of scars left by a rockfall on the slope  
Rock slide Evidence of elongated scar on the slope. Screes deposit at 
toes 
Rotational slide Arcuate headscarp at the upper boundary of the slide 
Spread At the head scarp shows irregular arrangement of large 
blocks (horst and garben topographic features), Block's 
size decreases with distance from head scarp until it 
become flat. Landslide body consists of several smaller 




16 compound and complex landslides were identified. This type of landslide can be 
found across the study area but mostly concentrate south of the Toktogul reservoir. The 
active complex landslides present well developed morphological features indicative of 
landslides including major scarps, stepped profiles, rotated blocks, and mudflows and 
can be recognised clearly through imagery interpretation. Complex landslides are 
associated with bedrock as they are considered as large landslide. The largest complex 




Figure 4.26 Complex landslide in study area. 
Debris flows/Debris slides and Earthflow/Mudflow 
Debris flows and debris slides in the study area normally occur throughout the area. 
They are the most common type of landslides in study area, 2,146 debris flow/debris 
slides were mapped. Debris slides normally occur on steep slopes and create the planar 
slide scars (Figure 4.27).  
Earth/mudflows occur mostly in the south of study area. 384 flows were identified. The 
morphological features are well defined from satellite image as elongate mudslides with 
clear scarp, tracks, and depositional zone. 
Rock fall and Rock slide 
Rock falls normally occur on steep cliffs on high mountain ranges and some occur at the 
road cut slope (4.28). Falls were considered to be relative minor landslide activities in 
the study area according to number of falls and area. 18 rock falls were identified. Rock 
slides are also less common in the study area. However, they play an important role of 
landslide hazard in the area as a few rock slides have dammed the river. 39 rock slides 





Figure 4.27 Debris slide occur at Toktogul gorge, south of Toktogul reservoir 
 
Figure 4.28 Rock fall closed to highway No 37. 
Rotational slide and translational slide 
 156 
 
Rotational slides also occur commonly throughout the area. These occur both in 
superficial and bedrock geologies. 125 rotational slides were identified through image 
interpretation and field investigation. They also tend to be relatively deep-seated 
multiple rotational landslides. Generally, most of the rotational landslides in the 
superficial geology are relatively small and are single rotational slides.  
44 translational slides were identified. Most translational slides were single slope 
failures. The translational landslides were generally shallow slides occurring in both 
solid bedrock and superficial deposits especially loess deposits (Figure 4.29). These 
landslides are distributed across the study area but most concentrate in the south of the 
Talas-Fergana fault.   
Spread 
There were two spread interpreted from satellite image and were verified by field 
investigation as mention in section 4.3.2.1.1 Lateral spread (Field investigation). 
 
Figure 4.29 Translational slides occur in loess deposit, south of Toktogul reservoir. 
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The study area is the Toktogul region in the Tien Shan mountain range of Central Asia. 
The area was found to be prone of landslide hazards and only few researches have been 
done to carry out landslide susceptibility. The creation of a detailed landslide inventory 
for the study area was fundamental to modelling landslide susceptibility for the area.  
This chapter has demonstrated how primary data was collected through satellite image 
interpretation and combined the validation of Google Earth images and field mapping 
resulting in 2,776 landslides. These landslides cover an area of approximately 202 km2 
in total. This is approximately 1.6% of the total study area (12,280 km2). These 
landslide types are identified as avalanche, compound/complex landslide, debris 





Chapter 5 Landslide susceptibility applied for the Toktogul region 
5.1 General approach to susceptibility mapping adopted by this study   
The two most appropriate methods for landslide susceptibility mapping; inventory 
mapping and a statistical approach will be adapted and combined for this study to create 
the final susceptibility models. There are advantages and disadvantages in the statistical 
approach, but the advantages being more important than the disadvantages (Miller, 
2007). The major advantages are; its suitability for landslide assessment at any scale, 
especially medium and large scale, and its ability to assign weighting to variables in an 
objective manner (Aleotti & Chowdhury, 1999). In a statistical method, the landslide 
distribution map is compared with the various factor maps using a selected statistical 
method. In statistical analysis the factors that have resulted in slope instability in the 
past are determined. After that, predictions can be made for areas where landslides are 
not currently present, but which have similar conditions to those where landslides locate 
(Miller, 2007). The statistical method used will have its own rules on how weighting is 
assigned to the individual factor layers and how the weighted layers must be combined. 
Statistical methods used in landslide susceptibility assessment in this study are bivariate 
and multivariate statistical methods; these will be discussed in more detail below. 
During the past two decades only a few investigators have attempted to apply GIS to the 
assessment and prediction of landslide hazard. However, in recent years an increasing 
number are applying GIS technology to the assessment of landsliding and many other 
geological hazards (Carrara et al., 1999). Thus, GIS is widely used in estimating 
landslide distribution and most statistical based methods of landslide assessment 
(Carrara et al., 1999). Additionally, GIS technology is adaptable to both inventory 
mapping and statistical landslide analysis (Aleotti & Chowdhury, 1999). Not only is the 
use of GIS particularly useful in the digitising of landslides and the creation of the 
landslide database based on data from direct mapping but also is useful for the creation 
of factor maps, weighting of the factor  maps and overlaying these weighted maps to 
create final hazard models (Guzzetti et al., 1999).  
A combination of direct and indirect landslide susceptibility analysis methods, using a 
GIS, will be used to create landslide susceptibility models for the study area. The direct 
mapping part involves data collection through the use of satellite images and field 
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mapping to create a landslide inventory database (see Chapter 3). The indirect part 
involves the use of statistical analysis to predict the susceptibility of non-landslide 
areas. The various statistical methods used to create landslide susceptibility models are 
discussed below as well as stages involved in this analysis. The choice of selection 
susceptibility methods used in this study was explained in Chapter 2 section 2.5.  
5.2 Bivariate approach 
In bivariate approach each parameter (factor map) is divided into classes and then 
compared with the landslide distribution map (landslide inventory map). Based on the 
density of landslides within each class of the parameter map a weighting value is 
assigned to the class. Subsequently, the individual parameter maps are weighted and 
combined to create the landslide susceptibility map. Although the bivariate statistical 
analysis is considered to be an appropriate quantitative approach to landslide 
susceptibility assessment, a certain degree of subjectivity still exists, particularly in the 
process of allocating weighting values to the various parameter maps (Aleotti & 
Chowdhury, 1999). Additionally, it must be accepted that in many situations, the input 
factors are not independent and may show either low or high relationships (Aleotti & 
Chowdhury, 1999). For this study frequency ratio and weights of evidence methods 
were chosen. An outline of the frequency ratio and the weights of evidence methods and 
how the probabilities and weights are determined was given in Chapter 3 section 3.2.1 
and 3.2.2  
5.2.1 Frequency ratio 
When evaluating the landslide probability within a specific period of time and within a 
certain area, it is very important not only to recognize the factors that can cause the 
landslide but also the process that could trigger the movement (Yalcin et al., 2011a). 
The correlation between landslide areas and associated factors that cause landslides can 
be allocated from the connections between areas without past landslides and the 
landslide-related parameters. In order to construct the landslide susceptibility map 
quantitatively, the frequency ratio model was used by means of GIS. Frequency ratio 
methods are based on the observed associations between distribution of landslides and 
each landslide-related factor, to expose the correlation between landslide locations and 
the factors in the study area (Lee & Pradhan, 2006). The ratio is the ratio of the area 
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where landslide occurred in the total study area, and also is the ratio of the probabilities 
of landslide occurrence to a non-occurrence for a given attribute (Lee & Talib, 2005). 
The frequency ratio method was chosen because it is simple, logical and has the ability 
to be executed without the need for sophisticated software packages and a key 
assumption using this approach is that the potential (occurrence possibility) of 
landslides will be comparable to the actual frequency of landslides.  
5.2.1.2 Relationship between landslides and factors 
5.2.1.2.1 Landslides and slope aspect 
The landslides distribution was compared with slope aspect, which was separated into 
nine classes. The correlation between landslide areas and slope aspect was analysed 
(Table 5.1). The density calculations showed that landslides are mainly likely to occur 
on slopes facing south, southeast, and northwest with 15.00%, 14.21%, and 14.22%, 
respectively. However, considering the ratio, which lies between 0.79-1.19 except class 
"Flat" which shows the ratio of 0.20.  In other landslide susceptibility assessments 
found that south facing slopes were most susceptible to landslides (Abdallah et al., 
2005; Lee and Lee, 2006; Lee and Talib, 2005). In this study, south-facing slopes have 
the greatest ratio which implies these slopes are most susceptible, but as indicated by 
the ratio value it is not that significant when compared to the other aspect. Therefore, it 
could be implied that landslide tend to be presented on all aspects classes equally 
roughly except the “flat class”.  
Table 5.1 Ratio and percentage of landslides within classes of slope aspect 
Parameters Classes Total area (%) Total landslide 
area (%) 
Ratio 
Aspect Flat 3.11 0.63 0.20 
North 10.48 11.86 1.13 
Northest 11.00 11.37 1.03 
East 12.00 10.89 0.91 
Southeast 12.38 14.21 1.15 
South 12.58 15.00 1.19 
Southwest 13.01 10.23 0.79 
West 13.16 11.59 0.88 
Northwest 12.29 14.22 1.16 
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5.2.1.2 .2 Landslide and slope angle 
The landslides from the landslide database were compared with the slope angle factor 
map, which was classified into 10 classes (see Table 5.2). The results show that the 
highest density is in the 14°-21° slope angle class. 17.85% of the landslides occur on 
such slopes. The next 4 classes, which are 21°-28°, 28°-35°, 7°-14°, and 35°-42° are 
also have a high landslide density as 17.79%, 17.66%, 16.95%, and 12.87%, 
respectively. The percentage of landslides increased with increased slope gradient up to 
42 degrees followed by sudden drop in the landslide percentage after 42 degrees. Even 
thought, the percentage of landslide is relatively low, the relationship between landslide 
area and total study area shows that the ratio is higher in classes of slope higher than 42 
degree especially in 56°-63° class. In the slope 56°-63° class which consist of solid 
rocks appears to be most susceptible to failure based on the density of landslides within 
its class. The general rule is that more competent material fails at higher slope angles 
than incompetent material (Crozier, 1986). As rocks are generally more competent than 
superficial geology it would be expected to be failed at higher angles (Miller, 2007).   
Table 5.2 Ratio and percentage of landslides within classes of slope angles 
Parameters Classes Total area (%) Total landslide 
area (%) 
Ratio 
Slope 0 - 7 17.62 6.55 0.37 
7 - 14 16.60 16.95 1.02 
14 - 21 16.88 17.85 1.06 
21 - 28 17.32 17.79 1.03 
28 - 35 16.56 17.66 1.07 
35 - 42 10.23 12.87 1.26 
42 - 49 3.51 6.72 1.91 
49 - 56 0.96 2.68 2.79 
56 - 63 0.25 0.81 3.26 
63 - 89 0.05 0.13 2.44 
5.2.1.2.3 Landslide and elevation 
Landslides might be expected to occur at higher elevations rather than in areas of low 
elevation. This is because there is likely to be higher rainfall intensity, and higher 
incidence of slopes covered by snow for longer periods at high elevation compared to 
areas that are nearer to sea level. The landslide distribution was therefore compared with 
the elevation factor maps to examine if such a relationship exists. The correlation 
between landslide areas and elevation was analysed (Table 5.3). The highest of the 
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slope failures occur at elevations of between 1,300-1,700 m (23.53% landslide area and 
ratio 1.63) and 1,700-2,100 m (17.97% landslide area and ratio 1.47). Based on the 
results, there is a higher frequency of slope failure at relatively low elevation than at 
higher elevation. This possibly because in the higher elevation (>3000 m), there are 
several mountain tops in which may be less susceptible to landsliding, but most of this 
class corresponds to the upper part of the study area, where landslide data is limited as 
they are mostly covered by snows and clouds. 
Table 5.3 Ratio and percentage of landslides within classes of elevation 
Parameters Classes Total area (%) Total landslide 
area (%) 
Ratio 
Elevation (m) 0-900 9.69 0.23 0.02 
>900-1300 16.91 17.71 1.05 
>1300-1700 14.40 23.53 1.63 
>1700-2100 12.26 17.97 1.47 
>2100-2500 12.11 15.65 1.29 
>2500-2900 12.12 11.22 0.93 
>2900-3300 12.05 8.72 0.72 
>3300-3700 9.07 4.72 0.52 
>3700-4100 1.38 0.22 0.16 
 >4100 0.01 0 0.00 
5.2.1.2.4 Landslide and lithology 
Lithology is one of the significant parameters for the distribution of landslides in the 
study area. Table 5.4 shows that there is a strong indication that landslides are more 
likely to occur in Dunites, peridotites, pyroxenites, serpentines unit (ratio 6.25), 
Conglomerate, breccia, sandstone and marl overlaid by loess deposit unit (ratio 5.46) 
and Conglomerates, gritstones, sandstones, loams, gypsum and marls, with basalt unit 
(ratio 4.04). The high ratio is possibly because of those lithology units contain of loess 
mantle. In engineering geology means, loess is known as a “problem soil”, because of 
its catastrophic failure on reaching certain critical moisture content (Wang, Zhou, Wu, 
Shi and Li, 2011). Consequently, landslides are one of the most common geologic 
hazards in the Loess Plateau, especially with some of the highest landslide densities 
found in Southern Kyrgyzstan. Additionally, considering heavy rainfall and frequent 
earthquake shaking in the area, these principal triggers, together with a thick mantle of 
unconsolidated loess over mountainous bedrock terrain, render this undeveloped area 
subject to landsliding. 
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Table 5.4 Ratio and percentage of landslides within classes of geological units 







1 Adevrolites, phyllites, 
sandstones 
0.07 0.00 0.00 
2 Alluvial deposit 14.06 2.52 0.18 
3 Basalt, andesite, tuff, chert 
and conglometate 
3.17 0.20 0.06 
4 Bauxite 0.00 0.00 0.00 
5 Calcarenite and shales 0.21 0.00 0.00 
6 Conglomerate, breccia, 
sandstone and marl 
1.53 8.35 5.46 
7 Conglomerate, sandstone, 
clay, and limestone 
1.15 0.41 0.36 
8 Conglomerate, sandstone, 
shale and limestone 
0.02 0.00 0.00 
9 Conglomerate, sandstone, 
siltstone 
4.17 1.55 0.37 
10 Conglomerates, gritstones, 
sandstones 
8.34 3.95 0.47 
11 Conglomerates, gritstones, 
sandstones 
2.52 0.19 0.07 
12 Conglomerates, 
sandstones, limestones 
4.47 18.06 4.04 
13 Contemporary sediments. 
Alluvial pebbles,  
2.36 0.97 0.41 
14 Diabases/dolerites,spilites, 
flints, prasinites,  
5.72 6.44 1.13 
15 Diorites, Quartz 
porphyries, Monzonites 
1.21 3.03 2.50 
16 Dunites, peridotites, 
pyroxenites, serpentines 
0.75 0.02 0.03 
17 Flinty slates, phyllites, 
sandstones, spilites,  
0.13 0.81 6.25 
18 Gabbro 2.19 2.74 1.25 
19 Granites 0.84 0.39 0.47 
20 Limestones 20.87 4.95 0.24 
21 Porphyries,porphyrytes,spi
lites,tuffs, 
8.17 21.63 2.65 
22 Quartzite, quartz 
sandstone,  
3.34 7.08 2.12 
23 Rhyolites, dacites lavas 
and tuffs 
0.85 0.00 0.00 
24 Sandstones 0.03 0.00 0.00 
25 Sandstones, slates, 
injection of gneisse 
10.92 15.96 1.46 
26 Serpentinite, block of 
gabbro, basalt, limestone  
0.71 0.00 0.00 
27 Syenites, porphyries, 
boston-Syenite,  
2.19 0.73 0.33 
28 Trachybasalts, 
trachyandesites, rhyolites  
0.01 0.00 0.20 
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5.2.1.2.5 Landslide and distance to fault 
The landslides from the landslide database were compared with the distance from fault 
factor map, which was classified into 9 classes (see Table 5.5). The result shows that the 
highest ratio is found in an area with a distance between 15,000-20,000 m (ratio 1.73) 
followed by 10,000-15,000 m (ratio 1.54). There is a strong indication that landslides 
are more likely to occur outside the active fault zones, mostly on the mountain top 
(distance > 10,000 m.). On the other hand, most of active faults or lineaments tend to be 
presented on mountain hills (distance < 1,000 m.). This means that the presence of 
fractures in this area contributes positively to failure though the contribution is not 
significant. The presence of relatively deep hypocentres might be the reason for a 
considerable superficial distance between fault lines and landslides, even beyond 10 km. 
This evidence has been previously shown confirming the influence of neotectonic 
lineaments and fault density on landslide events (Saponaro, et al., 2014). Moreover, 
field observation, the main rock types are highly fractured and rock weathering is not 
uniform. Therefore, it clearly indicates that within this area there are other factors more 
strongly influencing the distribution of landslides than distance to faults.   
Table 5.5 Ratio and percentage of landslides within classes of distance from faults 





0-1000 9.63 1.80 0.19 
1000-2000 9.92 6.12 0.62 
2000-3000 9.04 6.05 0.67 
3000-4000 8.01 7.11 0.89 
4000-5000 7.11 6.50 0.91 
5000-10000 28.90 32.16 1.11 
10000-15000 17.93 27.61 1.54 
15000-20000 7.30 12.61 1.73 
>200000 2.17 0.04 0.02 
5.2.1.2.6 Landslide and distance to drainage 
The landslides from the landslide database were compared with the distance from 
drainage factor map, which was classified into 11 classes (see Table 5.6). The frequency 
ratio shows that the highest ratio is found in an area with a distance >1,500 m with 
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16.73% of the landslides occurrence and ratio 1.31, followed by the 1,350-1,500 class 
with ratio 1.32. The ratio in general increases with increasing distance from drainage. 
The ratio between landslide area and total area shows that the landslides have occurred 
further away from the stream. The further the distance from stream, the more likely a 
landslide is likely to occur (table 5.6). These results reflect the true reality because 
landslides only occurred in mountains in study area. Besides, drainage systems in the 
area are relatively wide and concentrated at flood plains which are abundant in river 
system. 
Table 5.6 Ratio and percentage of landslides within classes of distance from drainage 
Parameters Classes Total area (%) Total landslide 
area (%) 
Ratio 
Distance to  
Drainage (m) 
0-150 12.72 9.90 0.78 
150-300 11.89 9.51 0.80 
300-450 11.07 9.29 0.84 
450-600 10.18 9.36 0.92 
600-750 9.25 9.09 0.98 
750-900 8.30 8.70 1.05 
900-1050 7.31 7.70 1.05 
1050-1200 6.40 7.02 1.10 
1200-1350 5.47 6.64 1.21 
1350-1500 4.60 6.06 1.32 
>1500 12.79 16.73 1.31 
5.2.1.2.7 Landslide and land cover 
The trend of landslide occurrence affectively land cover based on the result in Table 5.7 
shows that the landslide occurrence is higher on the sparse vegetation (72% landslide 
area and ratio 1.30). Other land cover types show a very low ratio. This indicates that 
landslides particularly occur in land cover which is sparse vegetation. Bare or sparse 
vegetated surfaces mainly occur in the mountainous region. Trees are considered, for 
the most part, to help with slope stability so it would be expected that sparse vegetation 
would have high association with landslides. Moreover, landslide interpretation was 
based on exiting landslide location, which surfaces were failed and most trees or 




Table 5.7 Ratio and percentage of landslides within classes of land cover 
Parameters Classes Total area (%) Total landslide 
area (%) 
Ratio 
Land cover 1. Agriculture 6.44 0.18 0.03 
2. Barren land 22.43 20.14 0.90 
3. Dense vegetation I 6.10 4.83 0.79 
4. Dense vegetation II 4.57 2.26 0.49 
5. Settlement 1.68 0.07 0.04 
6. Sparse vegetation 55.55 72.41 1.30 
7. Snow & cloud 1.01 0.01 0.01 
8. Water body 2.21 0.09 0.04 
5.2.1.2.8 Landslide and NDVI 
The relationship between landslide and vegetation index (Table 5.8), the landslide 
occurrence is very high on the vegetation index value 0.25-0.50 (sparse vegetation to 
moderately vegetation areas) with ratio 1.15 followed by value -0.25 to 0.25 (no 
vegetation to sparse vegetation areas). The observed landslide occurrences on the other 
NDVI values are very low to low. The landslide occurrence on vegetation index 
conforms to the landslide occurrence on land cover (sparse vegetation). Therefore, for 
the same reason as relationship between landslide and land cover. 
Table 5.8 Ratio and percentage of landslides within classes of NDVI 
Parameters Classes Total area (%) Total landslide 
area (%) 
Ratio 
NDVI -1.00 to -0.75 0.0003 0.00 0.00 
-0.75 to -0.50 0.0040 0.00 0.00 
-0.50 to -0.25 0.4241 0.01 0.02 
-0.25 to 0 7.7517 5.54 0.72 
0 to 0.25 44.3518 46.51 1.05 
0.25 to 0.50 35.8116 41.24 1.15 
0.50 to 0.75 11.6528 6.70 0.58 
0.75 to 1.00 0.0037 0.00 0.00 
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5.2.1.2.9 Landslide and stream power index (SPI) 
The relationship between landslide and stream power index (Table 5.9) shows that the 
landslide occurrence is very high on SPI value -8.699974 to -6.994795 (ratio 1.17) and 
high on SPI value-1.879259 to -0.174080, -3.584437 to -1.879259 and  -10.405153 to -
8.699974 (ratio 1.09. 0.93, and 0.91, respectively). Other classes show a low relationship ratio. 
 Table 5.9 Ratio and percentage of landslides within classes of SPI 





SPI -13.815510 to -12.110331 3.09 0.48 0.16 
-12.110331 to -10.405153 5.61 1.12 0.20 
-10.405153 to -8.699974 30.81 28.00 0.91 
-8.699974 to -6.994795 59.22 69.43 1.17 
-6.994795 to -5.289616 0.14 0.04 0.28 
-5.289616 to -3.584437 0.28 0.13 0.45 
-3.584437 to -1.879259 0.73 0.67 0.93 
-1.879259 to -0.174080 0.12 0.13 1.09 
5.2.1.3 Landslide susceptibility 
Using the overlay of the landslide location map and different landslide factor’s ranges, 
the spatial relationship between landslide locations and each factor’s range was 
extracted. The numbers of landslide occurrence pixels in each class was evaluated, and 
then the Frequency Ratio value (Fr) for each factor’s range was calculated by dividing 
the landslide occurrence ratio by the area ratio. The frequency ratios were summed to 
calculate the landslide susceptibility index (LSI) (Eq. 5.1). This calculation is achieved 
using the “Raster Calculator”  in ArcGIS 10’s spatial analysis tools. 
   𝐿𝑆𝐼 = ∑ 𝐹𝑟𝑛      5.1 
Where, Fr is rating of each factor's type or range, n is number of factors. 
Value of one for Fr value is an average value. The greater the ratio is above unity, the 
stronger correlation is a lower ratio than unity means lower correlation between 
landslide occurrence and the given factors attribute (Akgün & Bulut, 2007; S. Lee & 
Pradhan, 2006).  
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5.2.1.4 Landslide susceptibility classification 
Once a landslide susceptibility map is created, it is necessary to divide this map into 
different susceptibility classes. The simplest method is to assign the categories using 
expert opinion as done by Dai and Lee (2001).  The most common method for this 
purpose depends on the optimum band width classification of the histograms of various 
parameters (Akgün & Bulut, 2007). However, this is not straight forward as there are no 
statistical rules which can categorize continuous data automatically (Ayalew et al., 
2004). Recently, mathematical methods for data classification have become available in 
GIS software. In literature, there are many methods used (Akgün & Bulut, 2007; 
Ayalew & Yamagishi, 2005; Lee & K. Min, 2001; Süzen & Doyuran, 2004). These are 
based on manual or natural breaks, equal intervals, or statistical consideration, and can 
be described as follow (ESRI, 2008); 
 The manual classification method is a method for using expert opinion to develop 
class boundaries.   
 The natural breaks classification method is based on natural grouping of data 
values. Normally, the break points are identified by looking for groups and 
patterns inherent in the data. The features are divided into classes whose 
boundaries are set where there are relatively big jumps in the data values.  
 The equal interval classification method, the range of possible values is divided 
into equal-sized intervals. This option is useful to highlight changes in the extremes.   
 The quartile classification method, the range of possible values is divided into 
unequal-sized  intervals so that the number of values is the same in each class. 
Hence, classes at the extremes and middle have the  same  number  of  values.  
Because  the  intervals  are  generally wider at the extremes, this option is useful 
to highlight changes in the middle values of the distribution.  
 The standard deviation classification method, the range of possible values in  classes  
is  divided  based  on  certain  ranges  of  the  standard deviation from the mean. 
 The geometric intervals classification is designed to give a visually appealing 
representation of continuous data, but it can also work quite well on non-normally 
distributed data. Using geometric intervals the class breaks are determined 
geometrically in such a way that the variance within classes is minimised so that 
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each class has approximately the same number of values, and the intervals 
between them are relatively consistent. 
Ayalew and Yamagishi (2005) have used four classification systems which are 
quantiles, natural breaks, equal intervals and standard deviations and tried to find out 
the most suitable method for the information. Finally, they found that the quantile based 
classification system has a disadvantage in that it places widely different values in the 
same class. Natural breaks are better when there is big fluctuation in the data values, 
which is not the case with the present probability map. The equal intervals method was 
also determined as not helpful because it emphasizes one class relative to others. Final 
method is standard deviation, which has some merit in that it uses the mean value to 
generate the class breaks.  
For the standard deviation model, the number of divisions used depends on the skewness 
of the distribution, so it is difﬁcult to ensure that the same number of classes is applied to 
different models (Schicker & Moon, 2012). For the susceptibility classification for this 
study, the standard deviation method would divide the distribution into six classes for the 
frequency ratio, four classes for the weights of evidence method and ﬁve for the logistic 
regression method. Standard deviations were thus not considered so as to be able to 
maintain a standard classiﬁcation across different methods. 
5.2.1.4.1Visual comparison of the goodness of fit for each classification 
In this study four different types of classifications (equal intervals, geometric intervals, 
natural breaks, and quantile) were implemented to determine five classes from very low 
to very high. When applied to the same data, each classification produced a slightly 
different map (Figure 5.1) as a result of splitting the data distribution differently. For 
each classification, the landslide inventory was overlain to obtain a visual estimation of 
the goodness of fit (Figure 5.1). Most of the landslide events appear in the high to very 
high susceptibility classes for all four classifications. The map classed by equal intervals 
has the least area in the very high and very low classes, and most in the moderate class. 
The geometric classification appears to have the most area in very low and low classes, 
and the least area in moderate class. The map classed by quantile has a similar area in 
all classes. Natural breaks has the most area in very high and high classes and the least 
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in very low and low classes, and it appears to be the most appropriate classification, as 
it results in a more realistic image. 
5.2.1.4.2 Percent area and relative landslide density 
An assumption is that good fitting model in theory shows that the higher susceptibility 
classes explain a large proportion of the landslides in a relatively small proportion of the 
total area (Schicker, 2010). Figure 5.2 and 5.3 show a graph representing the percent of 
total area of each class and the landslide only area, respectively.  
From Figure 5.2 and 5.3, equal interval has a majority of landslide in the moderate class 
(49.82%) and very low landslide area in a very high class susceptibility (2.09%) which 
does not fit the assumption. Therefore, equal interval is not preferable. Geometric 
classification has a majority of landslide area in a very high susceptibility class 
(38.81%) and low landslide area in a very low susceptibility class (2.81%) but overall 
the percentage of landslide area in each class has similarity in proportion which is not 
preferable.  Natural breaks method has a majority of landslide area in a high 
susceptibility class (40.69%) and the least area in a very low susceptibility class 
(0.07%). Lastly, quantile give a larger proportion of the landslide area in a very high 
susceptibility class (64.46%) than the least proportion of landslide area (0.82%). 
Therefore, quantile classification method is the most preferable. 
However, the percentage of landslide area is based on landslide only areas and so does 
not give any indication of landslides as a proportion of the total area or class area (R. D. 
Schicker, 2010). Relative landslide density (R) is derived from the ratio of percentages 
of total landslide area in each susceptibility class to total area in the class and gives an 
indication of the goodness of fit (Santacana, Baeza, Corominas, De Paz, & Marturia, 
2003).  
The index is defined as follows: 









)  × 100     5.2 
Where  ni  is number of landslides in susceptibility class i,  
 Ni  is total area occupied by the susceptibility class i. 
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Figure 5.2 Percentage of total area for each class divided by classification methods 
(natural break, equal intervals, quantile, and geometric) 
 
Figure 5.3 Percentage of landslide area for each class divided by classification methods 
(natural break, equal intervals, quantile, and geometric) 
It is generally expected that areas in higher susceptibilities classes (moderate to very 
high) should have a greater proportion of the landslides, (R value is higher) (Santacana 
et al., 2003). Table 5.10 shows the R index for each susceptibility level. The index shows an 
increase of the number of landslides with the level of susceptibility in all classification methods. 
The model classified by natural break looks to give the best fit as it has the highest 





















































some of the lowest relative landslide densities at lower susceptibilities. Therefore, in 
this study, natural break classification method is used for landslide susceptibility 
classification. The final landslide susceptibility map determined by frequency ratio 
method is shown in figure 5.4. 
























































































































Figure 5.4 Landslide susceptibility map of the Toktogul region determined by frequency ratio method 
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5.2.2 Weights of evidence 
5.2.2.1 Interpreting weightings and contrasts 
Weighted values for the classes of 9 factors were calculated using the equations 3.8, 3.9, 
and 3.10 (Chapter 3). The result is explained and calculated weights are shown in 
Tables below: 
 5.2.2.1.1 Weighting of slope aspect 
In terms of aspect, flat or non-orientated areas exhibit a negative spatial association with 
landslide occurrence (Table 5.11). North, east, southwest and west also have a negative 
relationship with landslide occurrence. In other landslide susceptibility assessments 
(Abdallah, Chorowicz, Bou Kheir, & Khawlie, 2005; Lee & Dan, 2005; Lee & Talib, 
2005) that have investigated aspect, south-facing slopes were found to be most 
susceptible to landslides. In this study, south-facing slopes also have the greatest 
contrast value which implies these slopes are most susceptible.  
Table 5.11  Number of class pixels, landslide pixels and weights of the factor classes of aspect   
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
Flat 955800 2955 -1.62 0.03 -1.64 
North 3217392 27625 -0.59 0.05 -0.64 
Northeast 3376985 53709 0.03 0.00 0.04 
East 3684968 51436 -0.10 0.01 -0.11 
Southeast 3801180 67153 0.14 -0.02 0.16 
South 3863768 70850 0.18 -0.03 0.21 
Southwest 3996058 48323 -0.24 0.03 -0.28 
West 4039347 54779 -0.13 0.02 -0.15 
Northwest 3770090 67194 0.15 -0.02 0.17 
5.2.2.1.2 Weighting of slope angle 
Slope angle has a positive effect in the range between 0 – 7° based on the positive 
weighted contrasts (Table 5.12). Slopes of very low gradient (0 – 4°) are expected to 
have a low frequency of landslides (Lee & Sambath, 2006) and this is reflected by the 
negative contrast. Other slope angle classes have both positive effect in both positive 
weight and contrast which mean there are related to landslide occurrence. Slope range in 
class >56-63 has the most significant spatial association with landslide occurrence.  
 177 
 
Table 5.12 Number of class pixels, landslide pixels and weights of the factor classes of 
slope angle   
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
0-7 5410548 30945 -1.00 0.13 -1.13 
>7-14 5098395 80074 0.02 0.00 0.02 
>14-21 5183416 84329 0.06 -0.01 0.07 
>21-28 5318942 84074 0.03 -0.01 0.03 
>28-35 5086127 83460 0.07 -0.01 0.08 
>35-42 3142440 60830 0.23 -0.03 0.26 
>42-49 1079017 31740 0.66 -0.03 0.70 
>49-56 294496 12663 1.06 -0.02 1.07 
>56-63 76234 3824 1.22 -0.01 1.22 
>63-89 15973 601 0.92 0.00 0.92 
5.2.2.1.3 Weighting of elevation 
Elevations between 0 – 900 m and >2,500 m display some negativities association with 
landslides (Table 5.13). The elevation between 900 to 2,500 m shows a positive 
association with landslide occurrence. Comparing the weight contrast and the ratio from 
frequency ratio method (see section 5.1), both results show that elevation between 900-
2,500 m have a strong relationship with landslide occurrence. However, in frequency 
ration, the class >1700-2100 shows the highest ratio but in the weight contrast, class 
>1,300-1,700 shows the highest positivity. 
Table 5.13 Number of class pixels, landslide pixels and weights of the factor classes of 
elevation  
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
0-900 2976093 1091 -3.75 0.10 -3.85 
900-1300 5192229 83692 0.05 -0.01 0.06 
1300-1700 4420453 111189 0.50 -0.11 0.62 
1700-2100 3763984 84920 0.39 -0.07 0.46 
2100-2500 3719326 73970 0.26 -0.04 0.30 
2500-2900 3721221 53040 -0.08 0.01 -0.09 
2900-3300 3699744 41247 -0.33 0.04 -0.36 
3300-3700 2785308 22318 -0.66 0.05 -0.71 
3700-4100 423599 1073 -1.82 0.01 -1.83 
>4100 3631 0 0.00 0.00 0.00 
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5.2.2.1.4 Weighting of SPI 
As the speciﬁc catchment’s area and gradient increase, the amount of water contributed 
by upslope areas and the velocity of water ﬂow increase; hence, the SPI and slope-
erosion risk increase (Moore et al. 1991).The highest contrast value determined in the 
SPI classes was class rank between -10.405153 to -8.699974. The second highest was 
class -1.879259 to -0.174080 (Table 5.14). There are only two classes that have a 
positive association with landslides.  Other classes displayed a negative contrast value.   
Table 5.14 Number of class pixels, landslide pixels and weights of the factor classes of 
SPI 
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
 -13.815510 to -12.110331 949427 2276 -1.87 0.03 -1.90 
 -12.110331 to -10.405153 1722204 5292 -1.62 0.05 -1.67 
 -10.405153 to -8.699974 9461482 132313 -0.10 0.04 -0.14 
 -8.699974 to -6.994795 18185193 328088 0.16 -0.29 0.45 
 -6.994795 to -5.289616 42004 182 -1.28 0.00 -1.28 
 -5.289616 to -3.584437 86392 604 -0.80 0.00 -0.80 
 -3.584437 to -1.879259 223133 3187 -0.08 0.00 -0.08 
 -1.879259 to -0.174080 35753 598 0.08 0.00 0.08 
5.2.2.1.5 Weighting of lithology 
The highest contrast value determined in the geology dataset (Table 5.15) was for class 
17 (Dunites, peridotites, pyroxenites, serpentines), while class 16 (Diorites, Quartz 
porphyries, Monzonites) had the lowest weight contrast. 12 out of 28 classes appear to 
have a negative contrast value, while others have a positive contrast value (Table 5.15). 
Some classes displayed no presence of landslide occurrence such as class 1 
(Adevrolites, phyllites, sandstones), class 4 (Bauxite), class 5 (Calcarenite and shales), 
class 8 (Conglomerate, sandstone, clay, and limestone), class 23 (Quartzite), class 24 
(Rhyolites), and class 29 (Trachybasalt). As mentioned in frequency ratio, the lithology 
class 17 contains of loess mantle. In engineering geology means, loess is known as a 
“problem soil”, because of its catastrophic failure on reaching certain critical moisture 
content (Wang, Zhou, Wu, Shi and Li, 2011). Consequently, landslides are one of the 
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most common geologic hazards in the Loess Plateau, especially with some of the 
highest landslide densities found in Southern Kyrgyzstan. Additionally, considering 
heavy rainfall and frequent earthquake shaking in the area, these principal triggers, 
together with a thick mantle of unconsolidated loess over mountainous bedrock terrain, 
render this undeveloped area subject to landsliding. 
Table 5.15 Number of class pixels, landslide pixels and weights of the factor classes of 
geology 
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
1 20440 0 0.00 0.00 0.00 
2 4316706 11917 -1.73 0.13 -1.86 
3 972670 949 -2.77 0.03 -2.80 
4 956 0 0.00 0.00 0.00 
5 64088 0 0.00 0.00 0.00 
6 822995 41411 1.24 -0.07 1.29 
7 4718 0 0.00 0.00 0.00 
8 1281170 7319 -1.00 0.03 -1.03 
9 2560198 18682 -0.75 0.05 -0.80 
10 772373 891 -2.61 0.02 -2.63 
11 1373454 85351 1.44 -0.16 1.60 
12 725760 4586 -0.90 0.01 -0.91 
13 1755276 30414 0.12 -0.01 0.13 
14 372750 14316 0.94 -0.02 0.96 
15 229367 118 -3.41 0.01 -3.42 
16 39858 3835 1.92 -0.01 1.93 
17 672343 12932 0.23 -0.01 0.23 
18 256518 1859 -0.76 0.00 -0.77 
19 6408223 23398 -1.45 0.19 -1.64 
20 2508587 102226 1.00 -0.16 1.16 
21 1024264 33443 0.77 -0.04 0.81 
22 261548 0 0.00 0.01 0.00 
23 10579 0 0.00 0.00 0.00 
24 3353075 75412 0.39 -0.06 0.45 
25 217874 4 -6.75 0.01 -6.75 
26 672124 3465 -1.10 0.02 -1.12 
27 3965 12 -1.64 0.00 -1.64 
28 3725 0 0.00 0.00 0.00 
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5.2.2.1.6 Weighting of distance from fault 
Distance from fault between 0-5,000 m displayed a negative contrast value, while 
distance > 5,000 m showed a positive contrast value. It implies that the farther distance 
from fault, the higher possibility landslides occur. However, the distance > 200 km had 
a highest negative contrast which distance farther than >200 km has no relationship with 
landslide occurrence. As most of landslide occurred in the study area located in the high 
mountainous area where seismic activity indicated by active fault zone is lower than the 
flat area which is closer to fault zone. Therefore, it appears that the 15000 – 20000 class 
has the high ratio than other class. However, further away from fault lines (>20000 m) 
is the top of the mountain range where landslide is less likely to occur. Whist there is a 
strong indication that landslides are more likely to occur outside the active fault zones; 
they were not much dependent on the tectonic activities in the study area. Therefore, it 
clearly indicates that within this area there are other factors more strongly influencing 
the distribution of landslides.     
Table 5.16 Number of class pixels, landslide pixels and weights of the factor classes of 
distance from fault 
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
0-1000 2955772 8525 -1.69 0.08 -1.77 
1000-2000 3044776 28923 -0.49 0.04 -0.53 
2000-3000 2776562 28593 -0.41 0.03 -0.44 
3000-4000 2459588 33596 -0.12 0.01 -0.13 
4000-5000 2183430 30730 -0.09 0.01 -0.10 
5000-10000 8872977 151987 0.11 -0.05 0.16 
10000-15000 5504030 130450 0.44 -0.13 0.57 
15000-20000 2241224 59564 0.56 -0.06 0.62 
>200000 667257 172 -4.10 0.02 -4.13 
5.2.2.1.7 Weighting of distance from drainage 
When considering distance from drainage, it can be observed that the weighted contrast 
and hence spatial association increase with increasing distance from rivers (Table 5.17). 




Table 5.17 Number of class pixels, landslide pixels and weights of the factor classes of 
distance from drainage 
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
0-150 3906705 46774 -0.25 0.03 -0.29 
150-300 3652134 44939 -0.23 0.03 -0.25 
300-450 3399849 43915 -0.18 0.02 -0.20 
450-600 3126917 44209 -0.09 0.01 -0.10 
600-750 2841032 42949 -0.02 0.00 -0.02 
750-900 2549598 41120 0.05 0.00 0.05 
900-1050 2244696 36387 0.05 0.00 0.06 
1050-1200 1964167 33175 0.09 -0.01 0.10 
1200-1350 1679640 31363 0.20 -0.01 0.21 
1350-1500 1413104 28636 0.28 -0.02 0.30 
>1500 3927774 79073 0.27 -0.05 0.32 
5.2.2.1.8 Weighting of land cover 
In terms of land cover, most the land cover classes resulted in negative weighted 
contrasts. There is only one class, which is sparse vegetation showed the positive 
contrast value. This result followed the ratio from frequency ratio, which means area 
with low vegetation (including grass land sparse forest) has a potential for landsliding. 
Bare or sparse vegetated surfaces mainly occur in the mountainous region. Trees are 
considered, for the most part, to help with slope stability so it would be expected that 
sparse vegetation would have high association with landslides.  
Table 5.18 Number of class pixels, landslide pixels and weights of the factor classes of 
land cover 
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
Agriculture 1977844 874 -3.57 0.07 -3.63 
Barren land 6889833 95146 -0.11 0.03 -0.14 
Dense vegetation I 1872533 22846 -0.24 0.01 -0.25 
Dense vegetation II 1404336 10696 -0.71 0.02 -0.74 
Settlement 515410 353 -3.13 0.02 -3.14 
Sparse vegetation 17055577 342160 0.27 -0.48 0.75 
Snow & cloud 312064 32 -5.03 0.01 -5.04 
Water body 678019 433 -3.20 0.02 -3.22 
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5.2.2.1.9 Weighting of NDVI 
NDVI value between -1.00 and -0.50 as well as value >0.75 displayed no landslide. 
NDVI value from 0 to 0.50 showed a positive contrast value and others showed a 
negative contrast value.  This result followed the landcover type, which means area with 
low vegetation (including grass land sparse forest) has a potential for landsliding. 
Table 5.19 Number of class pixels, landslide pixels and weights of the factor classes of 
NDVI 
Classes No. of pixel 
in class 
No. of landslide 
pixel in class 
W+ W- Wf 
-1.00 to -0.75 91 0 0.00 0.00 0.00 
-0.75 to -0.50 1232 0 0.00 0.00 0.00 
-0.50 to -0.25 130219 39 -3.95 0.00 -3.96 
-0.25 to 0 2380213 26202 -0.34 0.02 -0.36 
0 to 0.25 13618485 219764 0.05 -0.04 0.09 
0.25 to 0.50 10996159 194857 0.14 -0.09 0.23 
0.50 to 0.75 3578052 31678 -0.56 0.06 -0.61 
0.75 to 1.00 1135 0 0.00 0.00 0.00 
5.2.2.2 Test for conditional independence 
The conditional independence of the factors assigned to given landslides was tested 
before the integration of the weighted map to create a total weight map by pairwise 
comparison using chi-square statistics. First, for the ease of the analysis, all of the 
factors causing landslides were converted into a binary pattern (presence or absence of 
landslides) based on weight contrast and expert’s knowledge. The factor classes having 
positive values of weight contrasts were assigned as presence and factor classes having 
negative weight contrast values were assigned as absence. These binary classes were 
cross-verified by a priori judgment based on the personal evaluation of the hazards and 
the distribution of the landslides. 
Contingency tables for all possible pairs of 9 binary factors (similar to Table 3.1, 
Chapter 3) were prepared and χ2 tests were performed with 1 degree of freedom. The 
observed chi-square value for each pair is compared with the table value for 1degree of 
freedom at the 99% confidence level (6.64). If the χ2 value in the contingency table is 
below 6.64, the pair of binary predictor patterns is independent. χ2 values were 
determined by employing Equation 3.4 (see Chapter 3), in which the observed 
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frequencies and the expected frequencies are determined from the contingency table 
(Table 3.1).  Thirty six pairs were tested. Four of the pair-wise comparison couples were 
found independent of each other for all the landslides examined (Table 5.20). The high 
χ2 values between the factors “slope angle” and other four factors including “Land 
cover”, “Lithology”, “NDVI”, and “SPI” indicate conditional dependence. This implies 
that Slope angle could not be used together with those four factors to map the landslide 
susceptibility. 
Table 5.20 Calculated 𝜒2 values for testing the conditional independence between all 
pairs of binary patterns with each factor in the 99% significance level. 
Factors Elevation Land cover Lithology NDVI Drainage Fault Slope SPI 
Aspect 0.04 2.08 0.45 0.70 0.20 0.23 4.55 1.31 
Elevation 
 
1.68 0.20 0.45 0.44 0.09 5.49 0.95 
Land cover 
  
1.20 0.41 3.52 1.02 10.81 0.18 
Lithology 
   
0.15 1.67 0.00 10.86 0.53 
NDVI 
    
1.66 0.14 7.90 0.06 
Drainage 
     
0.90 3.23 2.65 
Fault 
      
6.54 0.43 
Slope 
       
9.90 
5.2.2.3 Landslide susceptibility 
The nine combinations of the factors were determined to be conditionally independent. 
First, for the combination of all factors, the landslide susceptibility map was calculated 
using all the factors (Model 1).  
The weight contrast values were assigned to each respective class within each of the 
predictive factor thematic layers in ArcGIS 10 using “Raster calculator”. The resulting 
weighted raster layers were added together to obtain a raster layer of the landslide 
susceptibility index (Equation 5.3): 
𝐿𝑆𝐼 =  𝑊𝑓𝑆𝑙𝑜𝑝𝑒 + 𝑊𝑓𝐴𝑠𝑝𝑒𝑐𝑡 + 𝑊𝑓𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜n + 𝑊𝑓SPI + 𝑊𝑓𝐺𝑒𝑜𝑙𝑜𝑔𝑦    5.3 
 + 𝑊𝑓 𝐿𝑎𝑛𝑑𝐶𝑜𝑣𝑒𝑟 + 𝑊𝑓Drainage+ 𝑊𝑓𝐹𝑎𝑢𝑙𝑡𝑠 + 𝑊𝑓NDVI 
Then, the landslide susceptibility classes were set and compared with the landslide 
inventory (model validation). 
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After the test of conditional independence was performed, two models, which include 
combinations of different independent factors, were performed. Two possible 
combination combinations of the factors based on the χ2 test are; 
Model 2: Aspect, Elevation, SPI, Geology, Land cover, Drainage, Fault, and NDVI 
Model 3: Slope, Aspect, Elevation, Drainage, and Fault 
Equation 5.3 was applied in GIS again with the exclusion of one or more variables (as 
shown in Model 2 and 3) in order to find a better model.  
5.2.2.4 Selection of the best model 
Maps of susceptibility to landslides were prepared from each model. The accuracy of 
each model was tested using the observed landslides. The prediction capability of each 
model is determined by the cumulative area under the curve (AUC) (Figure 5.5). The 
model 2 gave the highest percentage of area under the curve followed by model 1, and 
model 3 (77.86%, 77.58%, and 69.08%, respectively).  
 















































Relative landslide density (R) is derived from the ratio of percentages of total landslide 
area in each susceptibility class to total area in the class and gives an indication of the 
goodness of fit (Santacana et al., 2003). The index is defined as equation 5.2. It is 
generally expected that areas in as higher susceptibilities classes (moderate to very high) 
should have a greater proportion of the landslides, (R value is higher) (Santacana et al., 
2003). Table 5.21 and figure 5.6 show the R index for each susceptibility model 
classified by geometric interval. The index shows an increase of the number of 
landslides with the level of susceptibility in all models. The model 2 classified by looks 
to give the best fit as it has the highest relative landslide density for very high 
susceptibility class (75.03%), and some of the lowest relative landslide densities at 
lower susceptibilities. Therefore, based on both AUC and R index, the model 2 was 
considered to be the best model and the susceptibility map produced from this model 
was selected to be the final map. 
Table 5.21 Results of the relative-density index in the susceptibility map 
Models Susceptibility 
class 
Total area Landslide R index 
(%) Count Area (m2) Area 
(%) 
Count Area (m2) Area 
(%) 
Model 1 Very low 1989405 795762000 6.48 92 36800 0.02 0.07 
 
Low 2981783 1192713200 9.71 1144 457600 0.24 0.57 
 
Moderate 10064817 4025926800 32.78 35647 14258800 7.54 5.22 
 
High 9701683 3880673200 31.60 142611 57044400 30.18 21.68 
 
Very high 5963809 2385523600 19.43 293046 117218400 62.02 72.46 
Model 2 Very low 1952869 781147600 6.36 92 36800 0.02 0.07 
 
Low 3071635 1228654000 10.00 1533 613200 0.32 0.77 
 
Moderate 10220685 4088274000 33.29 35250 14100000 7.46 5.33 
 
High 8653560 3461424000 28.19 105305 42122000 22.28 18.80 
 
Very high 6802748 2721099200 22.16 330360 132144000 69.91 75.03 
Model 3 Very low 3423699 1369479600 11.15 643 257200 0.14 0.22 
 
Low 3687116 1474846400 12.01 16923 6769200 3.58 5.26 
 
Moderate 13195130 5278052000 42.98 156997 62798800 33.22 13.63 
 
High 9475773 3790309200 30.86 258029 103211600 54.60 31.18 
 




Figure 5.6 R-index plotted for each model (1 = very low, 2 = low, 3 = moderate, 4 = 
high, and 5 = very high susceptibility) 
5.2.2.5 Landslide susceptibility classification 
5.2.2.5.1 Visual comparison of the goodness of fit for each classification 
In this study four different types of classifications (equal intervals, geometric intervals, 
natural breaks, and quantile) as explained in section 5.2.1.4, were implemented to 
determine five classes from very low to very high. When applied to the same data, each 
classification produced a slightly different map (Figure 5.7) as a result of splitting the 
data distribution differently. For each classification, the landslide inventory was 
overlain to obtain a visual estimation of the goodness of fit (Figure 5.7). Most of the 
landslide events appear in the high to very high susceptibility classes for all four 
classification methods. The map classed by equal intervals has the least area in the very 
low susceptibility class, and most area in high sceptibility class. The geometric 
classification appears to have the most area in moderate and high classes, and the least 
area in very low class. The map classed by quantile has almost the same area in all 
classes. Natural breaks has the most area in high and very high classes and the least area 
in very low class. The most realistic classification method determined by visual 
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Figure 5.7 Landslide susceptibility maps classified by different classification methods (determined by weights of evidence)
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5.2.2.5.2 Percent area and relative landslide density 
Figure 5.8 and 5.9 show a graph representing the percent of total area of each class and 
the landslide only area, respectively. In all classification methods, percentage of 
landslide occurrence increases with higher landslide susceptibility level (Figure 5.9). 
Equal intervals method has a highest landslide occurrence area (88.35%), followed by 
natural break (79.38%), geometric intervals (75.76 %), and quantile (65.81%), 
respectively. The lowest percentage of landslide occurs in equal interval (0.001%) 
covering an area of 1,200 m2 (3 pixel).  
The percent of non-landslides (Figure 5.10) follows the same trend seen with the total 
area (Figure 5.8). Comparing percentage of landslide area in each susceptibility class 
and non-landslide area in the same susceptibility class, Most classification methods 
have a percentage of non-landslide area very low in the very low susceptibility class 
(natural break = 7.57%, equal interval = 0.43%, and geometric interval = 6.46%) and 
the highest percentage in a high susceptibility class (natural break = 25.79%, equal 
interval = 36.29%, and geometric interval = 21.37%). Quantile has almost the same 
percentage in each susceptibility class. Comparing the percentage of landslide and non-
landslide area, the geometric looks the most appropriate.  
 
Figure 5.8 Percentage of the total area in each susceptibility class (very low to very 




























Figure 5.9 Percentage of the landslide area in each susceptibility class for each of the 
four classification methods 
 
Figure 5.10 Percentage of the non-landslide area in each susceptibility class for each of 
the four classification methods 
As mentioned in section 5.2.2, the percentage of landslide area is based on landslide 
only areas and so does not give any indication of landslides as a proportion of the total 
area or class area (Schicker, 2010). Therefore, the relative landslide density (R) was 
used. The result of relative landslide density calculated from equation 5.2 provided in 
Table 5.22. 
The index shows an increase of the number of landslides with the higher level of susceptibility 
in all classification methods. The model classified equal interval looks to give the best fit 































































class (99%), and some of the lowest relative landslide densities at lower susceptibilities. 
However, equal intervals have been found unhelpful in some studies as it emphasises 
that each class is relative to the others (Akgün & Bulut, 2007; Ayalew & Yamagishi, 
2005). 
Considering both percentage of landslide and non-landslide area and relative density 
landslide index together in high and very high susceptibility classes, geometric seems to 
give the most preferable results for this study area. Therefore, geometric interval 
classification method is used for landslide susceptibility classification. The final 
landslide susceptibility map determined by weights of evidence method is shown in 
figure 5.11. 























































































































Figure 5.11 Landslide susceptibility map of the Toktogul region determined by weights of evidence method 
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5.3 Multivariate approach 
Multivariate analysis assesses the effect of various combinations of factors which may 
contribute to slope instability, rather than single factors (see Chapter 2). The selection of 
factors to be used in the susceptibility model is completely statistically driven and 
decided upon by the rules of the multivariate method selected (logistic regression in this 
study).  Based on how much a factor (in combination with other factors) contributes to 
slope instability, a weighting value will be assigned to it. The multivariate statistical 
analysis was completed in a statistical package external to the GIS, the Statistical 
Package for the Social Sciences (IBM SPSS 20). 
5.3.1 Logistic regression 
5.3.1.1 Data sampling  
To obtain the best result in random sampling, two different training sets of data selected 
from non-landslide area were used. These training sets were then evaluated using a chi-
square of Hosmer-Lemeshow test (table 5.23), Cox and Snell R2, and Nagelkerke R2 
(Table 5.24). In addition, accuracy percentages of classification for all training sets were 
calculated by IBM SPSS 20 software package. It is observed that there is little accuracy 
difference between training sets because the cells representing presence are common in 
all of the training sets and random sample nodes collected from landslide free areas do 
not make much difference in the accuracy percentage (Yesilnacar & Topal, 2005) 
(Table 5.25).  
Table 5.23 Hosmer and Lemeshow Test 
Data Chi-square df Sig. 
Set 1 4980.681 8 0.000 
Set 2 4951.784 8 0.000 
Table 5.24 Cox and Snell R2, and Nagelkerke R2 




Set 1 940057.001 0.324 0.432 
Set 2 940037.586 0.324 0.432 
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Table 5.25 Percent landslide and non-landslide correctly predicted by regression 




Correct 0 1 
Data Set 
1 
Landslide 0 338928 133492 71.7 
1 84368 388052 82.1 
Overall Percentage     76.9 
Data Set 
2 
Landslide 0 339061 133359 71.8 
1 84557 387863 82.1 
Overall Percentage     76.9 
5.3.1.2 Assessing the fit of the logistic regression model 
There are a number of ways to assess the fit of the logistic regression. The first one is 
the Wald test. A Wald test is used to test the statistical significance of each coefficient 𝛽 
in the model (Menard, 1995). Basically this test is used to look at how good the 
individual independent factors are at helping to predict the final outcome. In essence 
this is a test of the contribution of these independent factors in correctly predicting the 
presence or absence of landslides. This test is calculated by dividing the resulting 
coefficient from the logistic regression by the standard error (Miller, 2007). In IBM 
SPSS 20, the Wald test values can be automatically requested. The relatively higher the 
Wald value the better the predictive capability of that factor and hence that variable will 
contribute significantly to a better regression model. If the Wald values are consistently 
near to zero for most of the factors, it can be assumed that the logistic regression is a 
poor fit and one should not consider using it without some reconsideration (Miller, 
2007). The final results of this study are presented in Appendix D. 
Another concept for understanding the tests used in logistic regression is that of log 
likelihood. Generally, the chi-squared test is used to analyse overall significance, which 
is derived from the likelihood of observing the actual data under the assumption that the 
model that has been fitted is accurate (Lee & Sambath, 2006). The log likelihood 
multiplied by -2 gives the -2LL statistic which approximately has a chi square (χ 2) 
distribution, and as the log likelihood value is negative the -2LL value will be positive 
(Menard, 1995). A -2LL value is calculated at the beginning of the logistic regression 
using only a constant. On completion of the logistic regression with the full data set, a 
second -2LL is calculated. If the final -2LL value is less than the initial -2LL value then 
the final model is better at predicting the outcome than if only a constant is used  
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(Miller, 2007). In terms of the maximum likelihood estimation, a smaller -2LL value 
indicates a better prediction of the dependent variable and a model which better fits the 
data (Nandi & Shakoor, 2010).   
In this study for data set 1 when the -2LL values were calculated the initial -2LL was 
1309826.364 and the final -2LL was 940057.001 (Table 5.26). This represents a 
difference of 369769.363. There is very large difference and it can be inferred that the 
logistic regression is a good fit and will be very good at predicting the presence and/or 
absence of landslides.  
Table 5.26 Summary statistics of the logistic regression model 
Statistics Value 
Data set 1 Data set 2 
Total number of pixels 944840 944840 
-2LL final 940057.001 940037.586 
-2LL initial 1309826.364 1309826.364 
Model Chi-square 369769.363 369788.778 
5.3.1.3 Logistic regression modelling  
A backward stepwise logistic regression was completely computed. This goes through a 
number of iterations until it selects those factors that are most significantly contributing 
to the fit of the model. At the final step, a coefficient is calculated for each of the 
remaining factors along with significance at the 95% confidence level. The coefficients 
are used to assign a weighting to the individual independent factors and to create the 
susceptibility models. As the result, the significant factors that will be used in the final 
model are:  elevation, slope, SPI, aspect, lithology, distance from fault, distance from 
drainage, and land cover. These are the factors that the regression analyses indicated are 
the best to predict the presence or absence of future landslides. NDVI has found to be 
insignificant in the model. Therefore, it was not included in the final model. 
The coefficients calculated from the regression analysis were used as the weighting for 
each factor. These coefficient values were then input into equation 3.12 and 3.13 to 
create the final susceptibility map. As categorical data were used, equation 3.12 was 
modified to accommodate these changes (Equation 5.4).   
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5.3.1.4 Selecting data set for final model 
The model obtained using the data from Set 1 and Set 2 data and comparing the 
percentage of observed landslides and non-landslides correctly predicted by the model 
(Table 5.25). The Set 1 model only differs in percentage values by 0.1% in correctly 
predicting the observed non-landslides when the result of Set 1 (71.7%) and Set 2 
(71.8%) predictive capabilities are compared. When comparing observed landslide Set 1 
(82.1%) and Set 2 (82.1%), there is no difference between the two. Both data sets have 
the same overall percentages (76.9%). As, there is very little difference between the 
predictive capabilities, the data set 1was selected to use in the final model.  
5.3.1.5 The landslide susceptibility models  
The landslide susceptibility models were created in the GIS by the combination of the 
relevant weighted factor maps. This combination is dictated by logistic regression rules 
and based on equations 5.11 and 5.12. Only the factors indicated by the logistic 
regression model as being the most useful in creating the susceptibility model were put 
into the GIS. In the categorical factors, the classes within each factor were firstly 
reclassified. This was achieved by assigning the density calculation value (see Section 
5.1 Frequency ratio) for each class as its new value (see appendix D). In order to carry 
out the reclassification exercise the "Reclassification" function from the "Spatial 
Analyst" extension in ArcGIS 10 was used. The map created is a weighted factor class 
map. Each weighted factor class map is subsequently multiplied by the coefficient 
factor calculated by the logistic regression analysis. For continuous factor (slope angle, 
elevation, and SPI), the values of each factor were used directly to multiply with the 
coefficient. This is achieved using the “Raster Calculator” in ArcGIS 10. The Raster 
Calculator was again used to combine the weighted layers in the manner stipulated in 
equation 5.13 to produce raster-based maps with probability values assigned to each 
cell. These maps were then divided into susceptibility classes to create susceptibility 
maps for the study area.  
𝑍 = −28.117 + (0.022 × 𝑆𝑙𝑜𝑝𝑒) − (0.0002 × 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛) +
(0.033 × 𝑆𝑃𝐼) + 𝐴𝑠𝑝𝑒𝑐𝑡𝑤 + 𝐹𝑎𝑢𝑙𝑡𝑤 + 𝐿𝑖𝑡ℎ𝑜𝑙𝑜𝑔𝑦𝑤 +
𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒𝑤 + 𝐿𝑎𝑛𝑑𝑐𝑜𝑣𝑒𝑟𝑤  5.4 
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Where Slope is slope value, Elevation is elevation value, SPI is SPI value, 
𝐴𝑠𝑝𝑒𝑐𝑡𝑤, 𝐹𝑎𝑢𝑙𝑡𝑤, 𝐿𝑖𝑡ℎ𝑜𝑙𝑜𝑔𝑦𝑤 , 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒𝑤, 𝐿𝑎𝑛𝑑𝑐𝑜𝑣𝑒𝑟𝑤  ,   are logistic regression 
coefficient values (see Appendix)  
Susceptibility can be calculated based on equation 5.4.  
5.3.1.6 Landslide susceptibility classification 
5.3.1.6.1 Visual comparison of the goodness of fit for each classification 
In this study four different types of classifications (equal intervals, geometric intervals, 
natural breaks, and quantile) which was explained in section 5.2.1.4 were implemented 
to determine five classes from very low to very high. When applied to the same 
resulting data, each classification produced a slightly different map (Figure 5.12) as a 
result of splitting the data distribution differently. For each classification, the landslide 
inventory was overlain to obtain a visual estimation of the goodness of fit (Figure 5.12). 
Most of the landslide events appear in the high to very high susceptibility classes for all 
four Percent area and relative landslide density 
In GIS, the landslide susceptibility raster data was classified according to each 
classification technique to create four different raster layers. These raster layers were 
then converted to vector format and unioned with the landslide inventory. Using these 
union vector coverages, summary statistics were carried out in ArcGIS to calculate the 
area occupied by landslides and non-landslides for each susceptibility class. The percent 
of total area (Figure 5.13), landslide area (Figure 5.14), and non-landslide area (Figure 
5.15) within each class for each classification was determined. Each classification split 
the data differently and this is best observed when the total area in each class is 
observed. 
In all classification methods, percentage of landslide occurrence increases with higher 
landslide susceptibility level apart from equal interval classification (Figure 5.12). 
Equal intervals method has a highest landslide occurrence area in high susceptibility 
(40.45%) and secend highest in very high suceptibility (36.19%). Geometric 
clasiification has the highest landslide occurrence area in a very high susceptibility 
(72.41%) followed by  quantile (70.56%), and natural break (59.75%), respectively.  
 197 
 
The percent of non-landslides (Figure 5.15) follows the same trend seen with the total 
area (Figure 5.13). As most of the study area (98.46%) has no record of landslide 
according to the landslide inventory (1.54%), considering the percentage of non-
landslide area is quite important. Comparing percentage of landslide area in each 
susceptibility class and non-landslide area in the same susceptibility class, the equal 
interval look the most appropriate as it has a high landslide occurrence area and low 
non-landslide in a very high susceptibility level and low landslide occurrence and high 
non-landslide occurrence in a very low susceptibility level. Natural breaks and quantile 
also have the same trend as equal interval as equal interval. However, considering the 
ratio the equal interval looks the most appropriate as it has the highest ratio. However, 
equal intervals have been found unhelpful in some studies as it emphasises that each 
class is relative to the others (Akgün & Bulut, 2007; Ayalew & Yamagishi, 2005). 
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Figure 5.13 Percentage of the total area in each susceptibility class (very low to very 
high) for each of the four classification methods. 
 
Figure 5.14 Percentage of the landslide area in each susceptibility class (very low to 


























































Figure 5.15 Percentage of the non- landslide area in each susceptibility class (very low 
to very high) for each of the four classification methods. 
The percentage of landslide area is based on landslide only areas and so does not give 
any indication of landslides as a proportion of the total area or class area (R. D. 
Schicker, 2010). Therefore, the relative landslide density (R) was used. The result of 
relative landslide density calculated from equation 5.2 provided in Table 5.24. 
The index shows an increase of the number of landslides with the higher level of susceptibility 
in all classification methods. The quantile and geometric interval classifications which 
have the greater R index in a very high susceptibility (70.69% and 70.10%, 
respectively) and some of the lowest relative landslide densities at lower susceptibilities 
(0.73% and 0.81%, respectively) would appear to be the best. However, some studies 
have found that the disadvantage of using the quantile based classification is that it 
groups widely different values into the same class. Therefore, in this study, geometric 
classification method is used for landslide susceptibility classification. The final 



































































































































































The landslide susceptibility models were created using different techniques and were 
classified as very low to very high landslide susceptibility. A number of steps were 
involved in the creation of these models.  
Bivariate analyses such as the frequency ratio and the weight of evidence can be used to 
model where landslides will likely occur in the future based on the conditioning factors 
present at locations of historical landslide occurrences. The frequency ratio was 
determined based on the ratio of the area where landslide occurred in the total study 
area. All raster factor maps were reclassified using the new ratio and combined to create 
a landslide susceptibility map. The natural break classification technique was found to 
be the most suitable among four classification techniques. The weights of evidence were 
determined by the likelihood of the presence and absence of each of the classes within 
each of predictor factors in relation to the presence or absence of a past landslide 
occurrence at the same location. Parameters used in the analysis was tested 
conditionally independent, and found that slope angle should not be in the same model 
with land cover, lithology, NDVI, and SPI. The three models which include 
combination of independent factors were used to create landslide susceptibility maps 
and the best model was chosen to be the final susceptibility map determined by the 
weight of evidence. Four classification methods were tested and the most appropriate 
was found to be the geometric intervals classification method.  
The logistic regression method was chosen for multivariate approach to create landslide 
susceptibility for the study area.  Two random sampling sets were obtained to find the 
representative of the data set for entering the model. Data set 1 was chosen although 
both data sets gave the same predictive accuracy of observed landslide and non-
landslide samples. The logistic regression model was applied in GIS and created the 
final susceptibility model. Using four different classification methods, geometric 
intervals classification was found to be the most appropriate method.  
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Chapter 6 Model validation and combining susceptibility maps 
6.1 Model validation 
In landslide susceptibility modelling, the most important and absolutely necessary part 
is to carry out a validation of the prediction results (Chung & Fabbri, 2003). A true 
validation of landslide susceptibility models is only  possible using landslides which 
occur in the time following the creation of the map, which means adopting a “wait and 
see” approach (Neuhauser & Terhorst, 2007). The problem with that approach is that 
there could be a long wait and even then it may never be validated (Van Den Eeckhaut 
et al., 2006), and the prediction model is completely useless and has barely scientific 
significance without validation (Chung & Fabbri, 2003; Van Den Eeckhaut et al., 2006). 
The “wait and see” strategy is unacceptable as a measure of the predictive power and 
validity should be offered together with the susceptibility map, particularly when the 
maps are used for making decision applied to land use planers (Neuhauser & Terhorst, 
2007). Instead of waiting for nature to prove that the model is right or wrong, a 
numerical test of the models has been used to obtain an indication of better or worse 
predictive capability (Carrara & Pike, 2008). In order to numerically test the mapped 
model output, it is advised that a landslide population independent to the one used in 
deriving the model output be used in some qualitative or quantitative evaluation 
(Remondo et al., 2003). A good model should be able to differentiate between 
significantly different landslide density conditions, as well as being statistically reliable, 
in which case it should have a great dispersion or spread around the mean density value 
(Schicker, 2010).  
6.1.1 Assumptions 
Two basic assumptions must be made for verification of the landslide susceptibility 
calculation method. The first is that landslide occurrences are related to spatial 
information such as geology, topography, land cover, soil, and forest. The second is that 
future landslides will be triggered by something specific, such as heavy rainfall or 
earthquake (Lee, 2004; Lee, 2007; Lee, Ryu, & Kim, 2007). It is normally assumed that 
future landslides will occur in the same places as existing failures in the area and a 
landslide susceptibility map is considered (Remondo et al., 2003). However, this is 
more a validation of its "success rate" rather than the predictive value (Remondo et al., 
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2003). Validation can be performed using a landslide population independent from the 
one used for constructing landslide susceptibility map (Remondo et al., 2003).   
6.1.2 Evaluation Techniques 
Several methods of evaluation exist, and these can be either qualitative or quantitative 
(Remondo et al., 2003). Qualitative comparison involves overlaying the independent 
data on the model and carrying out a visual inspection. A statement of association 
between landslides and hazard zones can then be made. Quantitative comparison may 
be done by deriving indices such as, area of susceptibility class occupied by 
landslide/area of susceptibility class, or by histogram/cumulative curve (Chung & 
Fabbri, 2003; Remondo et al., 2003). 
6.1.2.1Ground-truthing and Simple Overlay 
In some landslide susceptibility assessments, validation is done by ground truthing 
through field surveys (Weirich & Blesius, 2007; Yesilnacar & Topal, 2005) and/or air 
photo interpretation (Weirich & Blesius, 2007).  
6.1.2.2 Receiver-operating characteristic (ROC) 
Many predictive modelling techniques such as logistic regression provide predictions of 
landslide probability instead of directly predicting the presence or absence of a 
landslide. 
This makes it easier to adjust the classification rule to restrictions on sensitivities and 
specificities, and it also enables us to assess the model’s predictive power independently 
of a specific probability threshold that may be chosen to classify a grid point as a 
potential landslide or non-landslide area. Receiver-operating characteristic (ROC) plots 
can be used for this purpose (Brenning, 2005) as ROC curves provide a diagnostic that 
can be used to distinguish between two classes of events and to visualize classifier 
performance (Aykut Akgun, 2012). The curve is a plot of the probability of having a 
true positive (correctly predicted event response) versus the probability of a false 
positive (falsely predicted event response) as the cut-off probability varies (Aykut 
Akgun, 2012; Brenning, 2005; Gorsevski, Gessler, Foltz, & Elliot, 2006). For example, 
a true positive is a prediction of a landslide at a location where a landslide occurred, 
while a false positive is a prediction of a landslide at a location where a landslide did 
not occur (Gorsevski et al., 2006). In the ROC method, the area under the ROC curve 
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(AUC), defines the quality of the probabilistic model by describing its ability to reliably 
predict the occurrence or non-occurrence of an event (Nandi & Shakoor, 2010; 
Yesilnacar & Topal, 2005). The AUC contains values ranging from 0.5 (no 
discrimination or inaccurate model) to 1.0 (perfect discrimination or ideal model) 
(Brenning, 2005; Fawcett, 2006; Nandi & Shakoor, 2010). 
6.1.2.3 Success rate and prediction rate curve 
Success rate and prediction rate curves are applied to the landslide susceptibility model 
output in the same way, just the landslide data being used in the comparison varies 
(Chung & Fabbri, 2003). The success rate based on the comparison between landslides 
used in the model and the landslide susceptibility map (Chung & Fabbri, 2003) and it 
measures a goodness of fit assuming the model is correct, or how well the predictive 
model fits the landslides from which it was derived (Chung & Fabbri, 2003). Since the 
success rate uses the landslide pixels in the training dataset that have already been used 
for constructing the landslide models, the success-rate may not be a suitable method for 
measuring the prediction capability of the landslide models (Lee et al., 2007).  On the 
other hand, prediction rates measure how well the derived landslide susceptibility model 
predicts future landslides using an independent landslide dataset. As the same process is 
used to apply both success rate and prediction rate curves, it should be clearly stated that 
an independent landslide location data set is being used (Schicker, 2010). 
Both success rate and prediction rate curves can be constructed by comparing the 
validation sample of landslide occurrence with the susceptibility classes in the mapped 
output (Remondo et al., 2003). This can easily be done in GIS by combining the 
susceptibility layer with the landslide occurrence layer (union) and obtaining the 
summed area for each susceptibility class with and without landslides (summary 
statistics). Validation curves portray the landslides in the validation sample as a 
cumulative percentage (y-axis) with respect to decreasing susceptibility levels (x-axis) 
which are often expressed as cumulative percentages of the study area (Remondo et al., 
2003). The susceptibility values decrease from left to right on the x-axis while the 
cumulative percent susceptibility values increases. For instance, the 90-100% 
susceptibility values equate to the top 10% of the susceptibility classes (at the very high 
end). Recently, there are some published articles that use prediction rate to validate 
landslide susceptibility/hazard models (Neuhauser & Terhorst, 2007), success rate (RK 
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Dahal et al., 2008; Dahal et al., 2008; Saro Lee, 2004, 2005; Lee, 2005a; Lee, 2007; S. 
Lee & Choi, 2004; Lee & Sambath, 2006; van Westen et al., 2003). 
6.1.3 Model validation using success rate curve 
The success rate curve was considered in order to evaluate the predictive capacity of the 
three models and to determine which would be better. An evaluation of frequency ratio, 
weights of evidence and logistic regression derived landslide susceptibility maps was 
required using an existing landslides dataset from landslide inventory.  
6.1.3.1 Success rate curve construction 
A prediction rate curve is based on a proportion of susceptible pixels and the cumulative 
proportion of these with landslide. A simple approach to obtaining the data required is 
to extract values from the raster layer using a vector layer of points centred to the 
middle of each pixel. The table of data attached to the point layer (attribute table) can 
then be exported, sorted and ranked and a success rate curve drawn. Success rate curve 
was obtained with the following procedure:  
1. The landslide susceptibility was overlain by landslide inventory in order to calculate 
the percentage of landslides correctly lying within the area classified as unstable and 
the joint frequency of landslide presence with each susceptibility value is calculated. 
2. The pixels in the landslide susceptibility are sorted in descending order and the 
cumulative percentages are calculated for both landslides and proportion of 
susceptibility classes in descending order. The ranking procedure requires that the 
total pixels investigated in the validation be ordered from highest to lowest and a 
rank applied based on its predictive value (Chung & Fabbri, 2003). The pixel most 
susceptible to landslides is assigned 1 as it has the highest predictive value. The 
revised pixel rank value can be calculated based on its ranked placing and dividing 
by the total number of pixels under consideration (Chung & Fabbri, 2003). In this 
validation 30,701,497 pixels are considered, so the lowest predictive value (lowest 
value of susceptibility) was assigned 0.00000000326.  
3. Then the ordered cell values were divided into 100 classes with accumulated 1% 
intervals and were presented as percentage of the study area. The number of landslide 




4. The cumulative frequency of landslides (y-axis) is plotted against the landslide 
susceptibility index rank or percentage of susceptibility map (x-axis). The 
susceptibility values decrease from left to right on the x-axis while the cumulative 
percent susceptibility values increases (Figure 6.1). For instance, the 90-100% 
susceptibility values equate to the top 10% of the susceptibility classes (at the very 
high end). 
5. Area under the curve was calculated to observe the quality of the model is. 
6.1.3.2 Interpreting success rate curve and area under the curve 
If the success rate curve coincided with a diagonal from 0 to 1 (or 0 to 100%) the model 
would be considered to be a fit, whereas a validation curve for a given model, further up 
and away from the diagonal will result in a better fit (Remondo et al., 2003). The 
gradient in the first part of the curve is often examined as a greater gradient is indicative 
of a greater predictive capability (Remondo et al., 2003). For success rate curve, how 
large the percent of landslides explained by the classes of highest value (often the top 
10% , 20% or 40%) of the susceptibility classes is generally of interest (Lee, 2005a).  
To compare the result quantitatively, the areas under the curve (AUC) was recalculated 
as the total area is 1 (Dahal et al., 2008) which means perfect prediction accuracy (Abul 
Hasanat, Ramachandram, & Mandava, 2010). So, the AUC can be used to assess the 
prediction accuracy qualitatively. 
Table 6.1 The range of AUC and the corresponding performance index indicating the 
quality of the prediction algorithm (Abul Hasanat et al., 2010)  
AUC Performance 
0.90-1.00 Excellent (A) 
0.80-0.90 Good (B) 
0.70-0.80 Fair (C) 
0.60-0.70 Poor (D) 
0.50-0.60 Fail (F) 
6.1.3.2.1 Frequency ratio 
The rate verification results appear as a line in (Figure 6.1). In the frequency ratio 
method, 90-100 percent (10%) class of the study area where the landslide index had a 
higher rank could explain 41.97 percent of all the landslides in the success rate and were 
 209 
 
classified as very high landslide susceptibility (Table 6.2). The next 70-100 percent 
(30%) class of the study area where the landslide index has a higher rank could explain 
80.40 percent of the landslides in the success rate and were classified as high landslide 
susceptibility. Similarly, the 60-100 percent (approximately 40%) class of the study area 
where the landslide index has a relatively moderate rank could explain 87.36 percent of 
the landslides in the success rate and were classified as moderately landslide 
susceptibility, and the 30–100 percent (70%) class of the study area where the landslide 
index had a low rank could explain 97.12% of the landslides were classified as low 
landslide susceptibility. Finally, the remaining 10-100 percent (100%) class of the study 
area where the landslide index had a low rank could explain 99.92 percent of the 
landslides were classified as very low landslide susceptibility. The area under the curve 
calculated was 0.7821 and it may be implied that the prediction accuracy is 78.21% 
which means the landslide susceptibility model using frequency model gave a 
satisfactory result. 
6.1.3.2.2 Weights of evidence 
The rate verification results appear as a line in (Figure. 6.1). In the frequency ratio 
method, 90-100 percent (10%) class of the study area where the landslide index had a 
higher rank could explain 35.2% of all the landslides in the success rate and were 
classified as very high landslide susceptibility (Table 6.2). The next 70-100 percent 
(30%) class of the study area where the landslide index has a higher rank could explain 
80.68% of the landslides in the success rate and were classified as highly landslide 
susceptibility. Similarly, the 60-100 percent (approximately 40%) class of the study area 
where the landslide index has a relatively high rank could explain 87.15% of the 
landslides in the success rate and were classified as high susceptibility, and the 30–100 
percent (70%) class of the study area where the landslide index had a low rank could 
explain 97.25% of the landslides were classified as low landslide susceptibility. Finally, 
the remaining 10-100 percent (100%) class of the study area where the landslide index 
had a low rank could explain 99.93 percent of the landslides were classified as very low 
landslide susceptibility. The area under the curve calculated was 0.7758 and it may be 
imbedded that the prediction accuracy is 77.86% which means the landslide 
susceptibility model using frequency model gave a satisfactory result. 
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6.1.3.2.3 Logistic regression 
The rate verification results appear as a line in (Figure 6.1). In the frequency ratio 
method, 90-100 percent (10%) class of the study area where the landslide index had a 
higher rank could explain 44.94 percent of all the landslides in the success rate and were 
classified as very highly landslide susceptibility (Table 6.2). The next 70-100 percent 
(30%) class of the study area where the landslide index has a higher rank could explain 
82.46 percent of the landslides in the success rate and were classified as highly landslide 
susceptibility. Similarly, the 60-100 percent (approximately 40%) class of the study area 
where the landslide index has a relatively moderate rank could explain 88.35 percent of 
the landslides in the success rate and were classified as moderately landslide 
susceptibility, and the 30–100 percent (70%) class of the study area where the landslide 
index had a low rank could explain 98.20% of the landslides were classified as low 
landslide susceptibility. Finally, the remaining 10-100 percent (100%) class of the study 
area where the landslide index had a low rank could explain 99.98 percent of the 
landslides were classified as very low landslide susceptibility. The area under the curve 
calculated was 0.7951 and it may be imbedded that the prediction accuracy is 79.51% 
which means the landslide susceptibility model using frequency model gave a 
satisfactory result. 
Table 6.2 Verification and success rate for the study area 
Range 
Success rate curve (%) 
Frequency ratio Weight of evidence Logistic regression 
100-100 0.00 0.00 0.00 
90-100 41.97 35.59 44.94 
80-100 65.18 64.96 70.99 
70-100 80.40 80.68 82.46 
60-100 87.36 87.15 88.35 
50-100 91.26 92.10 92.51 
40-100 94.65 95.21 95.59 
30-100 97.17 97.29 98.20 
20-100 99.05 99.14 99.27 
10-100 99.92 99.93 99.98 




Figure 6.1 Success rate curve comparing three models  (Frequency ratio, weights of 
evidence, and logistic regression) determining landslide susceptibility for the Toktogul 
Region. 
6.1.4 Model comparison 
The landslide susceptibility maps constructed by the frequency ratio, weights of 
evidence and logistic regression models indicate a good predictive capability with 
prediction accuracy of 78.21%, 77.86%, and 79.51%, respectively (Table 6.3). Based on 
the highest 10% and 20% of the susceptibility classes, the logistic regression identified 
a greater proportion of landslide occurrence than the weights of evidence model and 
frequency model (44.94%, 35.59%, and 41.97% respectively). When the highest 46% 
(Figure 6.1) of the susceptibility classes is considered, the weight of evidence identified 
91.68% while frequency ratio identified 89.79%. Starting from this point, weight of 
evidence gave a better accuracy of the model than frequency ratio. However, an overall 
percentage of prediction accuracy showed that the frequency ratio showed a higher 
accuracy than weight of evidence. Considering all three models, logistic regression gave 
















































Table 6.3 Landslide susceptibility prediction accuracy of each model 
Landslide susceptibility models Area under the curve Prediction accuracy (%) 
Frequency ratio 0.7821 78.21 
Weights of evidence 0.7786 77.86 
Logistic regression 0.7951 79.51 
6.2 Combining susceptibility maps   
Although comparative studies of multiple forecasts for landslide susceptibility 
assessment are available, a method for combining different geographical foctors into a 
best prediction is still to be established. The investigation of combined models for 
landslide susceptibility assessment, as a means of exploring the optimal zonation, result 
in a new trend in landslide susceptibility evaluation (Chen, et al., 2014).  According to 
Chen, et al. (2014), the advantage of the combined models is; first, the combined 
models repeated the training process twice, thus increasing prediction accuracy and 
reducing variance. Second, the combined models can integrate the advantages of each of 
the single models.   
A combination of landslide susceptibility map may give a better satisfaction in landslide 
mapping. Therefore, the three landslide susceptibility maps obtained from the frequency 
ratio (FR), weight of evidence (WoE), and logistic regression (LR), models were 
considered as new input factors to form a combined landslide susceptibility map. For 
this, the relationships between landslide locations and the new three input factors were 
identified and quantified using the frequency ratio and logistic regression models to 
create an improved susceptibility map. The methodology used was the same as that used 
to integrate the landslide related factors and create a landslide susceptibility map. Only 
the input factors were changed, from slope, aspect, elevation, SPI, geology, distance 
from faults, distance from drainage, land cover, and NDVI, to landslide susceptibility 
maps from the FR, WoE, and LR models. The model chosen for combining three 
susceptibility maps was logistic regression as it was proved to be the best model out of 





6.2.1 Logistic regression method 
In the case of the combination of the LR, the spatial relationship between the landslide 
occurrence location and the related factors (landslide susceptibility maps from FR, WoE 
and LR model) were calculated in IBM SPSS 20.  
6.2.1.1 Input data 
The susceptibility raster maps were input into the GIS. Each landslide susceptibility 
map was divided into 10 classes using equal interval classification method. Using this 
technique, data was divided into classes of equal value ranges based on the number of 
classes specified. The classes within each factor map were reclassified, using the ratio 
calculations (see Tables 6.4). The Reclassification function from the Spatial Analysis 
extension in ArcGIS was used to create weighted factor class maps. 
Table 6.4 Frequency ratios for frequency ratio model 
Factor Class No of Pixel 
in class 









1.953-3.697 177319 0.58 4 0.00 0.0015 
3.697-5.1864 1584451 5.16 73 0.02 0.0030 
5.1864-6.8031 2071816 6.75 684 0.14 0.0215 
6.8031-8.4198 7612760 24.80 20357 4.31 0.1738 
8.4198-10.0365 10624186 34.60 80799 17.10 0.4942 
10.0365-11.6232 5175471 16.86 154557 32.72 1.9408 
11.6232-13.2699 2567309 8.36 144876 30.67 3.6673 
13.2699-14.8866 769207 2.51 61183 12.95 5.1691 
14.8866-16.5033 116805 0.38 9790 2.07 5.4469 
16.5033-18.120 2173 0.01 97 0.02 2.9010 
Weight of 
evidence 
-20.131 to -17.535 22218 0.07 2 0.00 0.0059 
-17.535 to -14.939 136438 0.44 1 0.00 0.0005 
-14.939 to -12.343 855090 2.79 18 0.00 0.0014 
-12.343 to -9.747 1232401 4.01 57 0.01 0.0030 
-9.747 to -7.151 848636 2.76 238 0.05 0.0182 
-7.151 to -4.555 1792696 5.84 787 0.17 0.0285 
-4.555 to -1.959 4103137 13.36 10137 2.15 0.1606 
-1.959 to 0.637 11697569 38.10 73363 15.53 0.4076 
0.637 to 3.233 8379754 27.29 293626 62.15 2.2772 
3.233 to 5.829 1633558 5.32 94191 19.94 3.7472 
Logistic 
regression 
0 - 0.097294 7078582 23.06 4819 1.02 0.0442 
0.097294 - 0.194587 4641151 15.12 13868 2.94 0.1942 
0.194587 - 0.291881 4793892 15.61 23231 4.92 0.3149 
0.291881 - 0.389174 2960804 9.64 22050 4.67 0.4840 
0.389174 - 0.486468 1842656 6.00 17212 3.64 0.6070 
0.486468 - 0.583761 2044342 6.66 28231 5.98 0.8974 
0.583761 - 0.681055 2370640 7.72 65524 13.87 1.7962 
0.681055 - 0.778348 2564698 8.35 122247 25.88 3.0977 
0.778348 - 0.875642 1684498 5.49 128598 27.22 4.9613 
0.875642 - 0.972935 720234 2.35 46640 9.87 4.2084 
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6.2.1.2 Data sampling 
The landslide inventory map was converted to raster layer to obtain numbers of 
samples, which was in total 472,520 pixels with 20 x 20m resolution. To reduce bias in 
the sampling process, the non-landslide locations were obtained using a random 
sampling scheme. An equal number of cells (472,520 cells) were randomly selected 
from the non-landslide. In this case, the same random data point from the logistic 
regression model was used. Each sample cell was assigned binary value on the presence 
or absence of landslides coded as 1 or 0, respectively. This data set was evaluated as to 
whether the observed landslides and non-landslides were correctly predicted. The result 
showed the percentage of the correction was 77.4% which was good enough to run the 
model (Table 6.5). To test the fit of logistic regression model, the -2LL was calculated 
as well. The result showed a very large difference between initial -2LL and final -2LL 
(Table 6.6) and it can be inferred that logistic regression was a good fit and would be 
very good at predicting the landslide occurrence. 





Correct 0 1 
Step 1 Landslide 0 349747 122673 74.0 
1 91288 381132 80.7 
Overall Percentage     77.4 
Step 2 Landslide 0 349747 122673 74.0 
1 91288 381132 80.7 
Overall Percentage     77.4 
Table 6.6 Summary statistics of the logistic regression model 
Statistics Value 
Total number of pixels 944840 
-2LL final 945415.989 
-2LL initial 1309826.364 
Model Chi-square 369788.778 
Pseudo R2 0.4267 
 215 
 
6.2.1.3 Model construction 
A logistic regression coefficient was calculated for each of the remaining factors along 
with significance at the 95% confidence level. As the result (Table 6.7), the significant 
factors that will be used in the final model are: FR and LR. These are the factors that the 
regression analyses indicated are the best to predict the presence or absence of future 
landslides. WoE has found to be insignificant in the model as the relatively low Wald 
value compared to other factors (0.947 in this case, see Table 6.5), this can be assumed 
that the factor should not considered being used in the model. Therefore, it was not 
included in the final model.  
Each weighted factor map was then multiplied by the coefficient factor calculated by 
the logistic regression analysis using the Raster Calculator in ArcGIS. The Raster 
Calculator was used again to combine the weighted layers in the manner stipulated by 
equations 6.2 and 6.3. The resulting output was therefore a raster-based map with 
probability values assigned to each cell. This map was then divided into susceptibility 
zones to create the susceptibility map for the area (see Figure 6.3). 
𝑍 = −3.813 + (0.284 × 𝐹𝑟) + (0.383 × 𝐿𝑟)   6.2 
where Fr is the landslide susceptibility index using the FR model, Lr is the landslide 
susceptibility index using the LR model, and z is a parameter. And the probability (P) of 




      6.3 
Table 6.7  Logistic regression coefficient value for each factor 
 
B S.E. Wald df Sig. Exp(B) 




FR .284 .004 5432.798 1 0.000 1.328 1.318 1.338 
WoE .000 .000 .947 1 .331 1.000 1.000 1.000 
LR .383 .002 47719.624 1 0.000 1.467 1.462 1.472 
Constant -3.813 .015 66967.193 1 0.000 .022     
Step 
2a 
FR .284 .004 5435.705 1 0.000 1.328 1.318 1.338 
LR .383 .002 47720.345 1 0.000 1.467 1.462 1.472 
Constant -3.813 .015 67040.587 1 0.000 .022     
a. Variable(s) entered on step 1: FR, WoE, LR. WoE was eliminated after Step 2. 
 216 
 
6.2.1.4 Landslide susceptibility classification 
In this combined model, five classification methods (natural break, equal interval, 
quantile, geometric, and standard deviation) were used. From 6.2, it shows that natural 
break and equal interval classification have a largest portion of the total area belonging 
to very low and low susceptibility classes and much lower portions in high and very 
high susceptibility classes. In the quantile classification method, all classes have almost 
equal portions of total area. In case of geometric interval, most of total area lies in 
moderate susceptibility class and the lowest portion of total area lies in very high 
susceptibility class. Standard deviation shows the normal distribution of total area with 
the highest number of landslide belong to moderate susceptibility classification. When 
considering landslide area, natural break and geometric interval have a greatest area of 
landslide belonging to a high susceptibility class and lowest portion of landslide area in 
very low susceptibility class. Equal interval shows normal distribution of landslide area, 
a greatest portion of landslide lies in moderate susceptibility class. Quantile and 
standard deviation classification seem to have the best fit as they show the greatest 
portion of landslide lying in very high susceptibility class and lowest portion in a very 
low susceptibility class. Quantile has the higher landslide area in very high 
susceptibility class but standard deviation has a lower landslide portion in very low 
susceptibility class. 
The relative landslide density (R) was used to obtain the best classification method. The 










)  × 100     6.4 
Where  ni  is number of landslides in susceptibility class i,  
 Ni  is total area occupied by the susceptibility class i. 
The R index shows an increase of the number of landslides with the higher level of 
susceptibility in all classification methods. The quantile and standard deviation 
classifications have the greater R index in a very high susceptibility (65.88% and 
61.26%, respectively). However, as mentioned before, some studies have found that the 
disadvantage of using the quantile based classification is that it groups widely different 
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values into the same class. Ayalew & Yamagishi (2005) compared a number of the 
classification methods and concluded that standard deviation provided the best 
classification for their data. Therefore, in this study, standard deviation classification 
method is also used for landslide susceptibility classification. The final landslide 
susceptibility map determined by frequency ratio method is shown in figure 6.15. 
 
Figure 6.2 Percentage of the total area in each susceptibility class (very low to very 
high) for each of the four classification methods. 
 
Figure 6.3 Percentage of landslide area in each susceptibility class (very low to very 


































































Figure 6.4 R index in each susceptibility class (very low to very high) for each of the 





























Figure 6.5 Combined landslide susceptibility maps classified by different classification methods
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Figure 6.6 Final landslide susceptibility map of the Toktogul region of combining landslide susceptibility from frequency ratio and logistic regression 
models determined by logistic regression method 
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6.2.2 Model validation 
The success rate curve was applied to validate the model. The rate verification results 
appear as a line in (Figure 6.7). In the frequency ratio method, 90-100 percent (10%) 
class of the study area where the landslide index had a higher rank could explain 
42.78% of all the landslides in the success rate and were classified as very highly 
landslide susceptibility (Table 6.9). The next 70-100 percent (30%) class of the study 
area where the landslide index has a higher rank could explain 81.77% of the landslides 
in the success rate and were classified as highly landslide susceptibility. Similarly, the 
60-100 percent (approximately 40%) class of the study area where the landslide index 
has a relatively moderate rank could explain 88.11% of the landslides in the success rate 
and were classified as moderately landslide susceptibility, and the 30–100 percent 
(70%) class of the study area where the landslide index had a low rank could explain 
97.45% of the landslides were classified as low landslide susceptibility. Finally, the 
remaining 10-100 percent (100%) class of the study area where the landslide index had 
a low rank could explain 99.93% of the landslides were classified as very low landslide 
susceptibility. The area under the curve calculated was 0.7821 and it may be imbedded 
that the prediction accuracy is 78.72% which means the landslide susceptibility model 
using frequency model gave a satisfactory result. 
Table 6.9 Verification and success rate for the study area 

















Figure 6.7 Cumulative frequency diagram showing landslide susceptibility index rank 
(x-axis) occurring in cumulative percent of landslide occurring (y-axis)  
The combined landslide susceptibility map constructed by the logistic regression model 
indicates a good predictive capability with prediction accuracy of 78.72%. As a result of 
this combination, the prediction accuracies exhibited a slight increase. However, when 
compared with other landslide susceptibility maps determined in chapter 5, the 
combined model identified a lower accuracy (78.72%) than the logistic regression 
model (79.51%) (Table 6.1 and Figure 6.8). In the LR, there were more independent 
variables than in combined model. The factors used in the combined model consist only 
2 factors including FR and LR (as WoF was not considered being used in the model). It 
may result in the slightly decrease in prediction accuracy as in LR, the more 
independent variables are included, the more complete the model will be (Ayalew& 









































Landslide susceptibility index rank (%)
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Table 6.10 Landslide susceptibility prediction accuracy 
Landslide susceptibility models Area under the curve Prediction accuracy (%) 
Frequency ratio 0.7821 78.21 
Weights of evidence 0.7758 77.58 
Logistic regression 0.7951 79.51 
Combined model 0.7821 78.72 
 
 
Figure 6.8 Cumulative frequency diagram showing landslide susceptibility index rank      
















































The validation stage is an important part of susceptibility assessments as landslide 
susceptibility maps created without proper validation of their quality are of limited 
usefulness.  Success rate curves and cumulative area curves were applied in this study to 
validate the three landslide susceptibility maps. The cumulative area under the curves 
gave a good result for all three models based on frequency ratio, weights of evidence, 
and logistic regression (78.21%, 77.86%, and 79.51%, respectively). All three landslide 
susceptibility maps resulted in good prediction rate curves, and logistic regression 
looked to be a slightly better model based among the three susceptibility classes. When 
comparing the models, the logistic regression map satisfied both cumulative area under 
the curves and success rate curve. Based on these findings, the susceptibility map 
obtained by the logistic regression method is the better landslide susceptibility map for 
the Toktogul Region. 
Combining landslide susceptibility maps to find the better final landslide susceptibility 
map for the Toktogul region was performed by logistic regression. The result showed 
that the map gave a good predictive accuracy as indicated by success rate curve and the 
cumulative area under the curve (78.72%). However, when comparing the combined 
map with the three models (frequency ratio, weights of evidence, and logistic 




Chapter 7 Discussion  
7.1 Introduction 
The aim of this research was to contribute to the analysis of spatial landslide 
susceptibility in mountainous region of Kyrgyzstan. To achieve this, the integration of 
landslide inventory mapping using remote sensing and landslide susceptibility mapping 
using GIS has been carried out for the landslide assessment in Toktogul region of 
Kyrgyzstan, Central Asia. This chapter brings together the most important findings from 
previous chapters to discuss the methods used and how they have been integrated for 
landslide assessment in an appropriate way. Firstly, landslide inventory mapping and 
landslide frequency distribution will be discussed. Secondly, landslide susceptibility 
mapping including variables used, landslide susceptibility models and model validation 
will be explained. Lastly, the limitations of the study will be explored. 
7.2 Landslide study in mountainous area 
 7.2.1 Problems of working in remote mountain regions 
This study is mainly focused on high mountain where is generally remote area.  There 
were few problems encountered during this research which could be referred to 
problems of working in remote mountain regions of developing countries. The need for 
accurate information concerning the landslide susceptibility map including landslide 
inventory mapping has been studied in the Tien Shan. However, the Tien Shan is a very 
large complex of mountain ranges which attain heights where the normal range of field 
mapping is not possible. With the advent of the techniques of remote sensing, the 
position has vastly changed. It is no longer necessary to tread the difficult ground in 
order to make the maps. The work can be done in the comparative ease of a laboratory, 
with sophisticated instruments. This study has produced accurate maps of landslide 
inventory from the satellite images. Unfortunately, in some areas that have been covered 
by ice sheets or cloud, mapping cannot be done in laboratory. 
After having mapped the study area using the imagery in Google Earth, there were 
chances to have field check in order to determine whether the interpretation in the 
Google Earth images produced accurate results. Because field access to this area was 
very limited both in time and in distance that we could travel from the main road, the 
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priority was to choose a small number of carefully targeted areas to validate critical 
interpretations so that area could be extend these, in principle, across the inaccessible 
portions of the study area where similar features occur. Even though, the area has a 
number of local roads linked to the major roads, the vast majority of the area is roadless 
and untracked. Therefore, limited numbers of landslides have been validated and there 
were only the ones existing by the main roads and accessible tracks. 
The other set of difficulties is compiling information about the basic information such 
as geology, topography, land use, etc. This problem has been raised as it took time to 
receive data and delayed the model construction process.  
7.2.2 Previous landslide studies in the Tien Shan Mountain 
There have been a number of landslides studies using remote sensing in the Tien Shan 
Mountain. Roessner et al (2005) studied landslide hazard in southern Kyrgyzstan (the 
Upper Maili Suu river basin) using remote sensing and GIS. The landslide 
investigations are based on Landsat 5 and 7, MOMS-2P and ASTER data. They 
concluded that presently available satellite remote sensing data are a valuable source of 
information allowing the creation of an improved knowledge base for landslide 
investigations in Southern Kyrgyzstan. Havenith et al (2005) mapped landslides in the 
Suusamyr region using KFA-1000 and KFA-3000 images. They mapped several types 
of landslides include rock slides and other types associated with earth slopes (debris and 
earth slides, slumps) as well as several rock avalanches. However, number of landslide, 
their characteristics and distribution were not explained. As the Suusamyr region is 
located in the same region as the Toktogul region, their geology and environment are 
similar. Therefore, similar types of landslide were found. Schlögel et al (2011) studied 
landslides in The Maily-Say valley which is also a part of this study area. They used 
remote sensing to map mass movements and to detect recent landslide activations. Five 
inventories were produced using existing landslide inventory map, aerial photo, and 
Quickbird imagery. The types of landslides that are most easily detected are fresh earth 
flows, debris flows, debris falls as well as deep‐seated and slow rotational slides. In this 
thesis, particularly in the Maily-Say valley, several landslides were mapped and 
classified as earthflow/mudflow, debris flow, and rotational slides. The slightly different 
in term of landslide types could be as a consequence of spatial resolution of SPOT 
image used was not high enough to detect small landslides. 
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Havenith, et al. (2006a) used several methods including statistical and geotechnical 
methods, to analyze and map landslide susceptibility over the Suusamyr region. The 
analysis is based on a digital data set including landslides triggered in 1992 and several 
older landslides as well as various types of digital elevation models (DEMs), ASTER 
image data, and geological and active fault maps. These data were combined to compute 
landslide susceptibility maps using statistical methods, Landslide Factor and 
Conditional Analyses (LFA, CA), as well as a geotechnical method, the Newmark’s 
Method (NM). The reliability of the predictions was checked by spatial correlation with 
landslide distribution. However, they didn’t provide the information about how accurate 
the susceptibility maps were. Moreover, Havenith, et al. (2006b) also studied landslide 
susceptibility map in the Mailuu-Suu Valley using a statistical method, conditional 
analysis (CA) and several input factors. From this study, it can be inferred that the 
method does not predict landslide occurrence but detects it as existing instability. The 
reliability of the method or its ability to predict future slope failure locations can only be 
proved by comparing it with future landslide occurrences. In addition, a landslide 
susceptibility analysis was carried out for Maily-Say by Braun et al (2011). They used 
two statistical methods, a bivariate statistical method and a data mining approach based 
on a multi-temporal digital landslide inventory in order to predict landslide 
susceptibility and to clarify the interplay of different factors. With both methods, the 
areas could be mapped that show a high potential for future landslides. The result 
showed only an advantage for remote study in places like Kyrgyzstan,  where  landslide  
sites  are  not  easily accessible  or  experts  are  simply  lacking. However, the accuracy 
of the susceptibility map was not mentioned. The availability of different methods and 
the numerous published papers indicate that landslide susceptibility maps are relatively 
simple to prepare. However, to construct reliable landslide susceptibility maps, quality 
or accuracy of the susceptibility map is also important. Therefore, in this study has 
provided the model validating section that has shown the accuracy of the prediction 
model using validating techniques including success rate curves and cumulative area 
under the curves. These two techniques were applied in this study to validate the three 
landslide susceptibility maps. The validating result showed that for all three models 
based on frequency ratio, weights of evidence, and logistic regression were high 
accuracy models for landslide predicting future landslides. Saponaro, et al. (2014) 
meant to identify potential landslide activation areas in Jalad-Abad province, 
Kyrgyzstan. A variety of conditioning factors and their potential impact on landslide 
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occurrence are quantitatively assessed on the basis of the spatial distribution of 
landslides by applying weights of evidence modelling based on a landslide inventory of 
past events, terrain-derived variables of slope, aspect and curvature, a geological map, a 
distance from faults map, and a seismic intensity map. A spatial validation of the 
proposed method has been performed, indicating sufficient measures of significance to 
predicted results. Initial results are promising and demonstrate the applicability of the 
method to all of Kyrgyzstan, allowing the identification of areas that are more 
susceptible to landslides with a level of accuracy greater than 70 %. Based on their 
results, the landslide susceptibility model calibrated for this region can be considered 
reliable, as the input landslide factors are good indicators of existing variability 
conditions. In this study, susceptibility map was performed using weights of evidence as 
well. The validating result shows an accuracy of 78%. Other two methods; frequency 
ratio and logistic regression showed higher accuracy. Therefore, the used methods are 
considered reliable and are capable of supporting land planning activities at the regional 
scale in areas where limited data are available. 
7.3 Landslide inventory  
In order to investigate the spatial distribution of landslides in an area and from this 
generate some form of landslide susceptibility assessment, an inventory of landslides is 
required. This provides the basis for understanding the location, extent and type of 
landslides  in an area and is typically generated within a GIS environment using remote 
sensing image interpretation with some form of field verification (refer to chapter 3). 
Aerial photography remains the most popular remote sensing imagery for landslide 
mapping applications, however, where photography is unavailable then high resolution 
satellite imagery are increasingly being used. No landslide inventory was available for 
the Toktogul region and although landslides had been identified in the area, no regional 
mapping had been undertaken. Therefore, the first stage of the project involved creating 
the first comprehensive landslide inventory for the region using remote sensing. A lack 
of access to aerial photography due to government secrecy, led to the use of high 
resolution SPOT 5 imagery as the basis for the landslide mapping, supplemented by 
Google Earth, where high quality image coverage of the study area was available. 
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7.3.1 Mapping method and data used 
Landslides directly affect the ground surface, remote sensing techniques are well suited 
to landslide studies (Soeters & van Westen, 1996). Therefore, visual interpretation of 
aerial photographs, combined with field investigations, remain the major source for 
landslide inventory map preparation (Martha, Kerle, Jetten, van Westen, & Vinod 
Kumar, 2010). More recently, the advent of high resolution imagery has provided a 
valid alternative to traditional aerial photograph (Guzzetti et al., 2012). With this data, 
landslide information extracted includes information on the morphology, vegetation 
cover and drainage conditions of the slope. In this stduy, the interpretation of landslide 
from remote-sensing images is based on the systematic classification of landslides based 
on type of material and type of movement, such as by Varnes (1978) (Martha et al., 
2010).  
Several researches have been used remote sensing in landslide mapping (Mantovani et 
al., 1996; Metternicht, Hurni, & Gogu, 2005; Nichol & Wong, 2005b). For regional 
scale landslide mapping exercises, imagery as low as 30m in resolution has been 
utilised to produce an estimation of the landslide impact. This is particularly resolution 
as it applies to Landsat imagery types which are often freely available, highlighting the 
potential for low-cost first-order data acquisition. Apart from this, higher resolution 
imagery is required for more detail landslide studies. Alkevli and Ercanoglu (2011) used 
ASTER to map landslide inventory in Yenice-Gokcebey, Turkey. Stereoscopic and two-
dimensional visual image interpretations were performed at different scales. The 
smallest landslide area realistically mapped using the ASTER image was 58,885 m2. It 
is considered that ASTER satellite images provide useful information particularly in 
regional and/or medium scale landslide inventory studies. Haeberlin et al. (2004) used 
high resolution SPOT 5 remote imagery for geological hazard identification and risk 
assessment in Matagalpa, Nicaragua. They found that a pseudo-colour 2.5m SPOT 5 
image for mapping landslide scarps and recent debris flow deposits at scales up to 
1:25,000, but is unsuitable for identifying mud flow events. Nichol and Wong (2005b) 
mapped landslides in Hong Kong using high spatial and spectral resolution remote 
sensing (SPOT and IKONOS). Using change detection technique, they found that 70% 
of landslides were detected through SPOT image. They claimed that satellite images can 
be used for detailed landslide inventories. In this study, SPOT 5 image also used to 
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identify landslides. A visual interpretation of landslide characteristic such as vegetation, 
drainage and morphology, which were discussed by Soeters and van Western (1996) 
was adopted in this study.  
Image processing including image enhancement has been used to improve image 
quality. Several techniques have been applied. Mondini et al. (2011) applied pan-
sharpening to Quickbird panchromatic and colour images to enhance imagery and be 
prepared for mapping landslide in the Messina province, southern Italy. In this study, as 
the only image that was provided was SPOT panchromatic image, contrast stretching 
enhancement and edge detection was applied in this study. Contrast enhancement 
involves changing in the original brightness values, which is increased the contrast 
between target objects and their backgrounds. The techniques have enhanced the image. 
However, contrast enhancement is a quantitative operation. Therefore, it relies on the 
subjective judgment and experience of the operator who decides when an image has the 
right contrast and colour balance for the final visualization.  
By using the image enhancement technique and image interpretation of the 2.5 m 
resolution SPOT panchromatic image, some morphological features were clearly 
distinguishable, which greatly helped in detecting small landslides. Landslides were 
identified as areas where vegetation was removed. Visual interpretation was difficult in 
some cases where the landslide was very small. In the presence of vegetation; other 
morphological, drainage, and lithological characteristics were used for landslide 
identification. The spatial resolution of SPOT images used for landslide inventory 
limited both the minimum sized landslide that was identified and the confidence with 
which individual slides were classified. In the case of SPOT image for landslide 
identification, the minimum area was about 100 m2. It is a serious limitation for most 
slides, which are below the resolution limit. In this study, landslides of which the areas 
were more than 100 m2 were mapped. Any landslide less than 100 m2 could not be 
mapped.  
Landslides mapped by SPOT image were verified by Google Earth images where high 
resolution imagery was available and field investigation was also performed. For 
landslides in the field, photographs were taken to compare with the landslide types 
interpreted by satellite images. Landslides identified by Google earth and in the field 
were included into the final inventory. Based on landslide detection using SPOT image, 
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Google Earth, and field investigation, 2,779 landslides have been observed in this study 
area. It is an important aspect of landslide studies when considering future hazard and 
ground stability analysis. Therefore, the following types of landslides will be discussed. 
7.3.2 Landslide types and distribution 
Where possible, the type of landslide was determined from SPOT image interpretation, 
field verification and Google Earth images. These types will be discussed as followed; 
7.3.2.1 Compound/complex slide 
Compound and complex landslides can be found across the study area but mostly 
concentrate south of Toktogul reservoir. The active complex landslides present well 
developed morphological features on the SPOT image. These features indicative of 
landslides including major scarps, stepped profiles, rotated blocks, and mudflows and 
can be recognised clearly through imagery interpretation. Complex landslides are 
associated bedrock as they are considered as large landslide. The largest complex 
landslide was found in the Karakol River valley namely dead lake landslide. This type 
of landslide is mostly dominated in Mesozoic and Cenozoic sedimentary sediments with 
intercalated clays and landslide itself create new colluvial deposits. These environments 
lead to complex mass movements mostly in form of deep-seated landslides with long 
periods of activity and maximum movement rates of several meters per day. They are 
also preceded by the formation of cracks (Roessner et al., 2006). 
7.3.2.2 Debris flows/Debris slides and Earthflow/Mudflow 
Debris flows and debris slides in the study area normally occur throughout the area. 
They are most common type of landslides in the study area 2,146 debris flow/debris 
slides were mapped. Debris slides normally occur on steep slope and create the planar 
slide scars. Debris flow and debris slide are mostly dominated in sedimentary rock. 
Earth/mudflows occur mostly in the south of study area. 384 flows were identified. The 
morphological features are well defined from satellite image as elongate mudslides with 




7.3.2.3 Rock fall and Rock slide 
Rock fall normally occur on steep cliff on high mountain range and some occur at the 
road cut slope. Falls were considered to be relative minor landslide activities in the 
study area according to number of falls and area. 18 rock falls were identified. Rock 
slides are also less common in the study area. However, they play an important role of 
landslide hazard in the area as few rock slides have dammed the river. 39 rock slides 
were mapped from satellite image and field investigation.  
7.3.2.4 Rotational slide and translational slide 
Rotational slides also occur commonly throughout the area. These occur both in 
superficial and bedrock geologies. They also tend to be relatively deep-seated multiple 
rotational landslides. Generally, most of the rotational landslides in the superficial 
geology are relatively small and are single rotational slides. Most translational slides 
were single slope failures. The translational landslides were generally shallow slides 
occurring in both solid bedrock and superficial deposit. These landslides distribute 
across the study area but most concentrate in the south of the Talas-Fergana fault.   
The majority of landslides occur in form of rotational and translational slides occur in 
weakly consolidated Quaternary and Tertiary sediments consisting of loess, sand- and 
siltstones, clays, loams and carbonates (Roessner et al., 2006). Roessner et al (2006) 
suggested that these types of landslide are related to massive Quaternary units mostly 
consisting of loess reaching up to 50m thickness. They are characterized by very rapid 
avalanche-like mass movements which can amount to several meters per second. These 
landslides often occur as a combination of rotational slide and dry flow resulting in long 
runout zones. They are especially dangerous because of their great destructive power 
and their sudden occurrence after longer periods of subsurface destabilization which is 
indicated by cracks developing sub-parallel to hill slope crests.  
7.3.2.5 Spread 
In this area, there is no recorded study of this type of landslide in the area. There were 
two spread features interpreted from satellite image and were verified by field 
investigation as mention in Chapter 3 (refer to section 3.4.2 Field investigation). 
Normally this type of landslide associated and induced by strong shaking and 
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liquefaction (Varnes, 1978). This main body initially moved into the valley as an earth 
slide and debris flow. Further downstream, the landslide deposits were partially 
reworked. These reworked landslides are indicated by steep secondary scarps and the 
hummocky surface which reveals the extent of the landslide surface.  
7.4 Data  
7.4.1 Lesson learnt from data quality and reliability 
The availability of different methods and the numerous published examples indicate that 
landslide susceptibility maps are relatively simple to prepare. Guzzetti (2005) gained 
experience in Italy showing that for the production of reliable landslide susceptibility maps, 
quality and abundance of the available landslide and thematic variables is more important 
than selection of the “best” statistical method. However, other authors have said a different 
opinion, supported by field data and statistical analyses (e.g. Chung and Fabbri, 2003). It is 
unquestionable that where sufficient information exists landslide susceptibility can be 
produced, and maps showing its spatial distribution can be prepared. Indeed, susceptibility 
models and maps of different forms and reliability can be obtained for the same area 
depending on the type and quality of the available information (Guzzetti, 2006). 
Practical challenges in this study arise from the size of the study area and the intended 
output map in regional scale. The size of the study area brings along some limitations 
regarding the availability of data sources that offer a full spatial coverage and a 
reasonable map scale. This introduces a number of parametric uncertainties into the 
modelling. In this study area it is assumed that the inventory is not complete as it 
originates from recent data sources only and the visibility of landslides in the satellite 
images (SPOT images and Google Earth images). Other independent variables can be 
gained by different sources or specifically created for the study. The source and the 
methodology employed in the production of these data sets have a significant impact on 
the quality/accuracy of the data (Glade and Crozier, 2005). However, the quality 
including accuracy and reliability of the models can be evaluated using several methods 
including the area under the curve (AUC). The higher the curve is above the diagonal 
line (corresponding to AUC = 0.5), the better the model is. Then a perfect model fitting 
would be characterised by an AUC value of 1 and a model not better than random 
would be characterised by an AUC value of 0.5. In the literature, several empirical 
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classifications of the AUC values were proposed to assess the quality of the model 
fitting. Traditionally, AUC values under 0.7 reflect a poor performance of the model, 
values between 0.7 and 0.8 reflect a fair performance of the model, values between 0.8 
and 0.9 can be considered to be good, and values above 0.9 can be considered to be 
excellent (Fressard, Thiery & Maquaire, 2014). In this study, the model was performed 
using the incomplete variables and validated by AUC. The cumulative area under the 
curves gave a good result for all three model based on frequency ratio, weights of 
evidence, and logistic regression (0.7821, 0.7786, and 0.7951, respectively). The results 
show rather fair AUC values for most modelling domains, which indicates that even 
with an incomplete inventory  and independent variables, the prediction of landslides of 
the models was successful for this study area.  
7.4.2 Data requirement in different mountain environments  
There are many factors that should be considered to analyse landslide susceptibility 
(Varnes, 1984). Cruden and Varnes (1996) separated landslide input factors into two 
group; preparatory and triggering factors which can be subdivided into geological, 
morphological, physical and human induced causes. Soeters & van Western (1996) 
divided input factors used in the susceptibility models into five categories: 
geomorphology, topography, engineering geology or geotechnology, land use, and 
hydrology Additionally, it should consider all landslides which can affect the study area 
and the triggering factors such as precipitation, seismic activities, are also important. As 
mentioned by Soeters & van Western (1996), the data layers required by landslide 
susceptibility analysis may vary because it depends which ones are relevant for the 
study area and the characteristics of different mountain environments. The examples of 
data used in different mountain environments are given below; 
In a tropical mountain environment, climatic conditions are the main factor responsible 
for landslides that occur in mountain terrain. The stability of the slope in a monsoon 
region is mainly dependent on the behaviour of the material, the geomorphology and 
rainfall parameters (Nagarajan, Roy, Vinod Kumar, Mukherjee & Khire, 2000). 
Therefore, not only the engineering property, geology, geomorphology and hydrology 
factors are the principles of soil and rock stability alone but should always take account 
of the rainfall as well. Nagarajan, et, al. (2000) used land cover vegetation, slope aspect, 
relative relief, stratification of rocks, joint discontinuity/lineament, weathering, soil 
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type, soil–rock interface and rainfall to construct landslide susceptibility tropical 
monsoon regions in Kumbharli ghat, India and they claimed that the study has 
developed a method for identifying areas susceptible to landslides in the area and 
demonstrated its effectiveness. It is considered that such an approach could be used in 
tropical/monsoon climatic regions in other parts of the world. Che (2011) studies 
landslide susceptibility assessment on the tropical zone of Mt Cameroon using 10 
predisposing factors including rock type, soil type, land use, type slope gradient, slope 
direction, distance from streams, stream density, distance from roads, distance from 
faults and major fractures, and mean annual precipitation (MAP).  
Regmi, et, al. (2012) investigated the application of the frequency ratio (FR), statistical 
index (SI), and weights-of-evidence (WoE) approaches for landslide susceptibility 
mapping in subtropical to temperate climate prevail in Central Nepal Himalaya, with the 
winter temperatures ranging in between 6 and 25 °C, while that of summer ranging from 
25 to 40 °C. The landslide conditioning factors considered for the study area are slope 
gradient, slope aspect, plan curvature, altitude, stream power index, topographic 
wetness index, lithology, land use, distance from faults, distance from rivers, and 
distance from highway. The results were validated using area under the curve (AUC) 
analysis. From the analysis, it is seen that the FR model with a success rate of 76.8 % 
and predictive accuracy of 75.4 % performs better than WoE (success rate, 75.6 %; 
predictive accuracy, 74.9 %) and SI (success rate, 75.5 %; predictive accuracy, 74.6 %) 
models. Overall, all the models showed almost similar results. The resultant 
susceptibility maps can be useful for general land use planning. Kampa, Growleya, 
Khattakb, & Owen (2008) mapped GIS-based landslide susceptibility for the 2005 
Kashmir earthquake region in a subtropical climate. They used similar factors including 
lithology, faults, slope gradient, slope aspect, elevation, land cover, rivers and roads and 
the results showed four classes of landslide susceptibility. In addition, they indicated 
that lithology had the strongest influence on landsliding, particularly when the rock is 
highly fractured, such as in shale, slate, clastic sediments, and limestone and dolomite. 
Moreover, the proximity of the landslides to faults, rivers, and roads was also an 
important factor in helping to initiate failures. 
In a semi-arid mountain environment, Jiménez-Perálvarez, Irigaray, El Hamdouni, & 
Chacónon (2010) analysed landslide susceptibility in the southern slope of Sierra 
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Nevada.This study was undertaken to optimise landslide susceptibility mapping using a 
GIS Matrix Method. The most relevant determining factors proved to be elevation, 
slope angle, slope aspect and lithology. They suggested that triggering factors mainly 
short-term landslide generation during heavy rainfall, as well as sporadic earthquakes or 
long-term activation by land-use changes, river over-excavation, etc should be included. 
The map drawn was validated by the degree-of-ﬁt method, registering values above 
83.2% for the zones of high and very high susceptibility. 
7.4.3 Landslide susceptibility variables in this thesis 
Factors which generally combine to result in landslides occurring are causal and trigger 
factors. Causal factors, such as geological and geomorphological parameters, determine 
all the preconditions for failure and can make slopes marginally stable. Landslide 
triggers are those factors that change a slope from being stable to being actively 
unstable (Ayalew et al., 2005). In order to successfully carry out landslide assessment 
both of these sets of factors have to be recognised and an understanding gained of how 
they are contributing to slope instability in an area. However, in this study, trigger 
factors were not considered since the limitation of obtaining data. Therefore, only 
causative factors were considered. Since there is the absence of universal guidelines to 
select causal factors, in this study, nine factors were used in the susceptibility models; 
slope, elevation, aspect, stream power index (SPI), geology, land use (land cover), 
distance from faults, distance from drainage, and normalized difference vegetation 
index (NDVI).  
Geology (lithology) is one of the fundamental causative factors controlling the 
distribution of landslides within the Toktogul region. Landslide are mainly presented in 
sedimentary solid bedrocks composed of conglomerate, sandstone, limestone interbeded 
with marl in some areas interconnected with volcanic and metamorphic rocks. These 
bedrock, in some area are overlaid by consolidated Quaternary and Tertiary sediments 
consisting of loess, sand- and siltstones, clays loams and carbonates (Roessner et al., 
2006). Loess has special characters of typical topographies, vertical joints, loose texture 
and water sensitivity, which makes it easy to slide (Wang et al., 2013).  
Slope angle is one of a major factor leading stability as it controls the balance of normal 
and shear forces in hillslopes (Lee & Kyungduck Min, 2001). As such, a strong 
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correlation is shown between landslide density and slope gradient, whereby the 
probability of landslide failure increases with gradient. However, this does not mean 
that the majority of landsliding occurs on the steepest hillslopes. As shown in this study, 
the slope angle between 42° and 63° are main gradients for landsliding. Other 
investigations, Yilmaz (2009) showed slope range 5–20° indicates high probability of 
landslide occurrence, Armas (2012) found that most landslides are framed within the 
15–25° slope angles.  
Aspect is also considered an important factor in preparing landslide susceptibility maps 
(Yalcin et al., 2011a). The influence of aspect could be as a result of the influence of 
aspect-related physical factors such as the number of sunshine hours, exposure to drying 
winds and sunlight. In this case south and northwest facing slope are likely to influent 
landslide occurrences.  
Another factor that has controlled landsliding was land cover. Yalcin et al. (2011) found 
that landslides are mostly observed in particular forest types (deciduous and hazelnut 
areas). These types of tree obstruct the surface flow of precipitations and this increases 
the pore water pressure of soil, thus the potential of the occurrence of landslides has 
increased in these areas. Lee and Choi (2004) found the probability of landslide 
occurrence to be highest for grasslands and certain forest types, but concluded that their 
findings may be a result of co-existing landscape characteristics. For example, they 
showed a high probability of landslide occurrence for vegetation types found in steep, 
mountainous areas. This study also showed that sparse vegetation has a strong 
relationship with landslide occurrence. This outcome conforms to the result of NDVI. 
The NDVI also showed that landslides largely occur in a slightly vegetation index 
(sparse vegetation). The sparse vegetation areas are covered by sparse forest with 
unknown tree types and grasslands. This strong relationship may be a result of co-
existing landscape characteristics as well as existing landslide since landslides have 
caused land surface changes and removed some trees from the surface.  
7.5 Landslide susceptibility models  
Landslide susceptibility can be mapped using a number of different methods depending 
on the data available (Soeters & van Westen, 1996). However, no general agreement has 
yet been reached about the best method for producing landslide susceptibility maps 
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(Guzzetti, 2000). Although all known methods have their advantages and disadvantages, 
utilization of quantitative methods has become preferred and more commonly used in 
recent years. In addition, utility of GIS has been emphasized in almost every landslide 
study published in recent years. Therefore, it can be concluded that the general trend 
related to landslide assessments is the utilization of quantitative methods and 
specifically, GIS based one (Ercanoglu, 2008). The relationships between environmental 
factors and landslide occurrence are important for the quantitative assessment of 
landslide susceptibility. Reliable assessment depends on the quality and scale of the 
available data and the selection of appropriate methodology for analysis and modelling. 
Landslide-related data are particularly difficult to compile because datasets from poorly 
accessible mountainous areas are often limited. A field survey is the most precise 
method to assess landslide susceptibility. However, analysing landslide potential that 
might occur in a large area is very difficult and expensive in terms of time and money. 
This is possibly true in developing countries where expensive ground observation are 
unaffordable and in mountainous areas where access is difficult (Hong, Adler & 
Huffman, 2007). In many parts of the world, the abundance of data is not available, but 
landslide susceptibility maps are needed. A question asked is: Can reliable susceptibility 
maps be produced from limited data? Fabbri et al. (2003) and Coe et al. (2004) 
suggested that this is not only possible, but possibly more accurate. In many countries, 
remote sensing information may be the only possible source available for such studies. 
Recently, available satellite data may provide useful and accurate information on earth 
surface features and dynamic processes involved in landslide occurrence (Hong, Adler 
& Huffman, 2007).  
7.5.1 Susceptibility models using GIS  
GIS has become a popular tool for landslide assessment because it enables the analysis 
of a large amount of information, from a variety of sources and at a variety of scales in a 
relatively short period of time. A literature review of landslide susceptibility methods 
was conducted to identify the most suitable method applicable to landslide susceptibility 
assessment for this study area (Chapter 2). The method chosen was based on the type of 
data required and available, the nature of these data, landslide processes in the area and 
the fact that data analysis would take place using GIS. Statistical methods (Bivariate 
and multivariate approaches) were used for indirect mapping (see Chapter 5), combined 
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with data from direct mapping (landslide inventorying, see Chapter 4) to create 
landslide susceptibility. 
7.5.1.1 Frequency ratio 
The frequency ratio (FR) was chosen because it is simple, logical and has the ability to 
be executed without the need for sophisticated software packages. In this study, the 
frequency ratio of the relationship between landslides and land use was higher in 
sparsely vegetated areas and lower in the water body and snow areas. This relationship 
is similar in NDVI range between 0-0.5 indicating slightly vegetation index. Ozdemir 
and Altural (2013) have produced similar results for the relationship between landslides 
and land use. They found that landslide has strong relationship with sparsely forested 
areas and in soiled earthen areas and lower in pasture land, residential areas and 
agricultural areas. Based on the landslide and aspect relationship, Yalcin et al. (2011) 
noticed that landslides were not likely to happen on the specific slope surfaces. 
However, Ayalew and Yamagishi (2005) believe that the high landslide density at 
specific slope orientations is connected to local conditions. Therefore they are likely to 
occur in specific slope faces. In this study, it is determined that landslides tend to occur 
in particular aspects. Southern and northwest-facing slopes are more prone to landslides 
than the other slopes. In the case of the relationship between landslide occurrence and 
slope, as the slope increases, the landslide frequency generally increases. It is expected 
that there is lower shear stresses in lithology for gentle slopes so a low frequency of 
landslides is expected. Whereas lithology at high slope gradient areas has high shear 
stresses therefore they are expected to have high frequency of landslides. Some other 
researchers have found the same relationship (Lee & Sambath, 2006; Yalcin et al., 
2011a).  
In this study the evaluation of relative importance of each factor to landslide occurrence 
has been established by applying frequency ratio model. The analysis performed has 
revealed that different factors have different influence on landslides occurrence. The 
most important parameters have been pointed out above the others were lithology, slope 
and aspect. Other factors showed a high importance as well. However, for each factor, 




7.5.1.2 Weights of evidence 
Considering weights of evidence (WoE), when the analysis consists of a large number 
of factors, the test whether each factor dependent to each other is necessary. The 
commonly used method for the test of the conditional independence in the weight of 
evidence method is pairwise comparison. However, the pairwise comparison becomes 
complicated because of the numerous possible combinations of the classes of the 
factors. For example, in this study only slope angle was observed being conditionally 
independent with other four factors (land cover, lithology, NDVI, and SPI). Te 
combination of factors in different ways was developed to find the best models (see 
Chapter 5). So which model performs better? A solution is to assess the prediction 
capabilities of the possible models based on the landslides considered in the analysis 
performed by cumulative area under the curve (AUC). According to AUC, the model 2 
which excluded slope angel, presented the better result than model 1 and model 3 which 
slope angle was included. This implied that the test of conditional independence slightly 
improved the quality of susceptibility model.  
However, other studies have shown that slope is the most important factor in landslide 
susceptibility. Xu et al. (2012) used WoE model to generate landslide susceptibility map 
in Qingshui river watershed, China. They also tested the conditional independency of 
factors to acquire a high success rate. They found that the model without slope gave the 
lowest success rate. Regmi et al. (2010) also used WoE model to create a map of 
landslides susceptibility in Western Colorado, USA. After performing chi-square tests 
to determine factors that are conditionally independent of each other, six models were 
developed by combining factors. The result showed that model without slope gave a 
lower prediction capability than the one with slope.  Accordingly, slope angle is the 
most important variable in the slope stability analysis (Lee & K. Min, 2001) and it is 
frequently used in preparing landslide susceptibility maps (Yalcin et al., 2011a) because 
the slope angle is directly related to the landslides  (Cevik & Topal, 2003; Lee, 2005b; 
Yalcin et al., 2011a, 2011b). As slope angle increases, the level of gravitation-induced 
shear stress in the colluviums or residual soils increases as well.  
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7.5.1.3 Logistic regression  
Logistic regression (LR) models have been widely applied in landslide susceptibility 
mapping for future events (e.g. Ayalew & Yamagishi 2005; Ayalew et al. 2005; Can et 
al. 2005; Dai & Lee 2003; Lee 2005; Akgun & Bulut 2007) and as such the logistic 
regression model could also be applied to predictions of the future landslide 
susceptibility in the Toktogul regions. 
In backward stepwise regression all the variables are included in the initial regression. 
The variables are then removed one at a time until there is no further significant change 
in the regression. Having perform backward stepwise, NDVI has found to be 
insignificant in the model. Therefore, it was not included in the final model.  
If a coefficient is positive meaning that the event is more likely to occur. A class with a 
high landslide density, which corresponds to a parameter having a higher positive 
coefficient, was considered to play a greater role in causing landslides. If a coefficient is 
negative, the landslide occurring decreases. Therefore, the relative importance of the 
independent variables can be assessed using the corresponding coefficients in the LR 
model. In this study, all coefficients except the one belonging to elevation are positive, 
indicating that they are positively related to the probability of landslide. Land cover, 
lithology and distance from fault appear to be more strongly related to slope failure 
occurrences than other factors. Yesilnacar and Topal (2005) performed logistic 
regression model for Hendek region (Turkey) with 14 factors reveals that geology 
(lithology), land use/land cover, elevation, slope and distance to stream are important 
parameters. Yalcin et al. (2011) used LR model to create landslide susceptibility for 
Trabzon, NE Turkey. They found that geology, slope, and aspect are positively 
associated with the occurrence of landslide whereas land use, distance to stream, 
elevation, distance to road appear to have a negative relation with landslide occurrence 
in the study area. Thus it can be concluded, that in different areas the factors that control 




7.5.2 Model validation and comparison 
7.5.2.1 Comparing frequency ratio, weights of evidence and logistic regression 
The validation stage is an important part of susceptibility assessments as landslide 
susceptibility maps created without proper validation of their quality are of limited 
usefulness.  Success rate curves and cumulative area curves were applied in this study to 
validate the three landslide susceptibility maps. The cumulative area under the curves 
gave a good result for all three model based on frequency ratio, weights of evidence, 
and logistic regression (78.21%, 77.86%, and 79.51%, respectively). All three landslide 
susceptibility maps resulted in good prediction rate curves, and logistic regression 
looked to be a slightly better model based among the three susceptibility classes.  
Yilmaz (2009) compared three susceptibility models; frequency ratio, logistic 
regression, and artificial neural networks. He found that all the models considered have 
relatively similar accuracies. Mohammady et al. (2012) produced landslide 
susceptibility maps using frequency ratio, Dempster–Shafer, and weights-of-evidence 
models for Golestan Province, Iran and compared those models. He found that 
frequency ratio has higher AUC than the other models. In general, all the three models 
produced reasonable accuracy. The resultant maps would be useful for general land use 
planning. The results obtained in this thesis also showed that the frequency ratio model 
can be used as a simple tool in the assessment of landslide susceptibility when a 
sufficient number of data were collected. It should not be forgotten that ‘‘simple is the 
best’’ in engineering applications. 
The research demonstrates that the three models, although they use different statistical 
models, when AUC of these three methods were considered together, their overall 
performances are seen to be close to each other. This may be due to the fact that the 
models were performed on a regional scale of a large study area. If these models were 
performed in a larger scale, it might show a big different accuracy results. Additionally, 
overall the models showed a statistical approach may be used to identify areas 
susceptible to slope failure. Based on the model validation the landslide susceptibility 
modelling can be considered a success, in that the success rates scored in this study 
compare to the best rates observed elsewhere in other studies (e. g. Lee & Min 2001; 
Dai and Lee, 2002; Süzen, 2002; Lee 2004; Lee 2005, Ayalew et al, 2005; Yesilnacar 
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and Topal, 2005; Lee & Pradhan 2006; van Westen et al 2008; Yilmaz 2009). 
Qualitatively, the model yields reasonable results which can be used for preliminary 
landuse planning purposes. 
7.5.2.2 Comparing combined landslide susceptibility and three other models  
Rossi, et al (2010) and Choi, et al (2011) attempted to ascertain the best evaluation by 
using a single model and then three models combining the different forecasts. However, 
Gokceoglu (2012) criticized the resultant better performance of the combined models as 
an artificial performance based upon methodological error, because this procedure could 
be repeated n times, and because of the multi-collinearity of the inputs for the combined 
models. However, Chen, et al. (2014), Bai et al. (2012) and Choi, et al. (2011) have 
proved that combination of susceptibility map could lead to and produce a better 
landslide susceptibility map for their study areas. 
In this study, a combination of susceptibility maps is applied so as to combine the 
results of single assessments of different models, leading to a new better susceptibility 
model. To find out whether the combined landslide susceptibility map for the Toktogul 
region is better or not. The combination of landslide susceptibility maps was performed 
using logistic regression since it was considered to provide the highest accuracy 
prediction. The result showed that the map gave a good predictive accuracy as indicated 
by the cumulative area under the curve (78.72%) and success rate curve (most of the 
areas in the valley are in the high and very high susceptibility categories, indicating that 
the combined models applied in our study are reliable. However, when comparing the 
combined map with the three models (frequency ratio, weight of evidence, and logistic 
regression), the combined model gave a lower cumulative area under the curve than 
logistic regression (79.51%). Although, Meten, et al. (2015) stated that using many 
landslide factors in the model may not always result in higher prediction accuracy even 
though the range of values in the susceptibility index map is higher. Moreover, the 
dependence between the factors violates the original requirements of the statistical 
approaches. Therefore, principal factors that are also conditionally independent should 
be selected as the landslide susceptibility model’s inputs (Chen, et al., 2014).  However, 
in this study, number of factors that were used to construct the combined model were 
only two factors because WoE were automatically deleted by statistical technique 
performed by SPSS. Additionally, the test of dependence between the factors was not 
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performed in this combined model. Therefore, the slightly lower prediction accuracy 
compared to logistic regression would be affected by number of input factors and the 
conditional independent of the factors.  
7.5.3 Uses and limitations of susceptibility modelling  
As mentioned earlier, the landslide susceptibility maps have not been carried out for the 
whole Toktogul region. Nevertheless, this product of susceptibility models in this study 
will be useful for the local authority and planners. 
The models presented in this thesis not only show the location of known landslides, but 
also provide a landslide susceptibility index for all of the surface area within the study 
area. The models created are grid based (raster-pixel), and as such each pixel has a 
probability value indicating the susceptibility of that particular unit of land surface. 
These models are referenced to the Universal Transverse Mercator (UTM) geographic 
coordinate system, and will be provide to local authority of Kyrgyzstan. The 
susceptibility maps may be overlaid onto land-use, engineering, geological/ 
geomorphological and development maps for decision-making purposes. These maps 
are suitable for GIS systems. Overall the landslide susceptibility modelling within the 
GIS has proved to be successful, and has generated the first landslide susceptibility for 
the Toktogul region of Kyrgyzstan, Central Asia. 
Furthermore, the landslide susceptibility map was produced at a regional scale. The 
landslide prediction model for future landslide occurrence was produced based on the 
result of the probability analysis. This model can be applied to the other areas that have 
similar conditions to the study area. 
The susceptibility models highlight the areas where there is a possibility of slope 
instability. The output of the model is a landslide susceptibility map which is intended to 
be used as a general guide for the local authority. However, this map does not provide 
information on the time frame of failure, type of failure, and volume of material. 
Moreover, the maps created at a medium scale and local scale should not be used as a 
substitute for site-specific work, and/or in place of professional advice from qualified 
geologists, geotechnical engineers and planners before development takes place. 
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7.6 A general method for landslide susceptibility mapping  
The goal of predictive modelling is to model areas that are susceptible to future 
landslides based on the relationships between past landslide occurrences and a set of 
environmental factors. However, scale and dataset inaccuracy can limit the effectiveness 
of a model. This study extracted landslide-related factors from remote sensing image 
data to produce landslide susceptibility maps using predictive models; landslide 
susceptibility maps were then combined and input to the same models to obtain greater 
accuracy than can be obtained from any single model.  
A major outcome of this study is the development of a general method for landslide 
susceptibility mapping which can be used in other remote mountain environments 
where there is limitation of data. By using landslide inventory and causative factors and 
GIS-based map overlay techniques to conduct the susceptibility map. The method was 
implemented in six phases as seen in figure 7.1 and briefly described below; 
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Figure 7.1 Flowchart of proposed method for assessing landslide susceptibility 
Data preparation and mapping  
o Landslide inventory map 
 Available satellite image 
 Google Earth  
o Independent variables (vary) 




o Landslide susceptibility map using 
several methods 
 FoR, WoE, LR, ANN, etc. 
o Combining landslide susceptibility 
map using; 
 the best susceptibility model 
Classification of landslide susceptibility 
o Susceptibility is classified into categories 
Model Validation 
Final landslide susceptibility map 
Data Verification 












7.6.1 Data preparation and mapping  
7.6.1.1 Landslide inventory mapping using Google Earth  
The accurate detection of landslide locations is important for probabilistic landslide 
susceptibility analysis. A field survey is the best method for detecting landslides, but 
field surveys are difficult, time-consuming, and costly, especially in mountainous 
areas where access is difficult or even impossible. In this study, landslide locations 
identified by visual interpretation of SPOT image and were verified by Google Earth 
and a field survey. Landslide detection using remotely sensed imagery relies on 
differentiation between the surface properties of landslides and the surrounding 
terrain. The initial focus was on areas of high relief and steep slopes in mountainous 
areas and the steep valley slopes of the main river basins traversing the study area. 
See detail of this phase in Chapter 4.  
7.6.1.2 Collection of landslide controlling factors   
When attempting to model landslide susceptibility it is important to consider the 
preparatory factors that make a slope susceptible to failure and the triggering factors 
that serve to cause the slope movement. In this study, nine factors were created and 
used as Independent variables for landslide susceptibility models. See detail in 
Section 3.3 Data. 
7.6.2 Data verification  
The field reconnaissance is necessary to confirm the landslide interpretations. During 
the field inspection phase, locations and extents of landslides were mapped using 
Gobal Positioning System (GPS) and plotted onto the relevant base map. Ground 
truthing of landslides identified through satellite image interpretation involved the 
detailed mapping of the well-preserved landslides within the study area. Big 
landslides could also be mapped in detail to understand and illustrate critical 
morphological relationships. See detail of this phase in Chapter 4.  
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7.6.3 Construction of susceptibility models 
7.6.3.1 Landslide susceptibility map using several methods 
The indirect landslide susceptibility analysis methods, using a GIS, will be used to 
create landslide susceptibility models for the study area. The methods involve the 
use of statistical analysis to predict the susceptibility of non-landslide areas. The 
various statistical methods used to create landslide susceptibility models are 
discussed below as well as stages involved in this analysis.  
7.6.3.2 Combining landslide susceptibility models 
In order to create a better susceptibility model for the study area, the combined 
susceptibility model was produced using statistical method. 
7.6.4 Classification of landslide susceptibility 
Once a landslide susceptibility map is created, it is necessary to divide this map into 
different susceptibility classes as it is easier for user to read. There are four 
classification systems to realise the necessity; quantiles, natural breaks, equal 
interval and standard deviation (Ayalew & Yamagishi, 2005). Ayalew & Yamagishi, 
2005 found some characteristics of those systems related to calculate the probability. 
Quantile tends to place widely different valuse in the same class. The natural breaks 
give the better result for the data value with big fluctuation. Equal intervals, 
emphasise one class relative to the other. It becomes unhelpful because it does not 
reflect the real susceptibility. Standard deviation generates the class break supported 
by mean value which the number of classes are determined by the system (see detail 
in Chapteer 6). 
7.6.5 Model validation 
Accuracy test is absolutely needed to verify the performance of the susceptibility 
map. There are several methods such as predictive rate curve, success rate curve, etc, 
to evaluate the predictive capacity of the susceptibility models  
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7.6.6 Application and limitation of the new method (the combined susceptibility 
method) 
This study could provide a new insight on landslide susceptibility mapping which 
can be applied to other mountainous region where landslide susceptibility is needed 
and data such as high resolution satellite image or aerial photograph is not available 
or filed survey is not possible. Landslide inventory can be mapped using images 
provided by Google Earth with no cost. However, this method can be used at a 
regional scale as there is a limitation on quality of the input data. In addition, the 
result of this method cannot be used as a substitute for a site specific work and 
professional advice from qualified geologists and geotechnical engineers. However, 
it can be guidance for a larger scale mapping. 
7.7 Study limitations 
The most significant limitations of this study have noticed as follows: 
7.7.1 Landslide inventory 
All steps of landslide interpretation using remote sensing by visual interpretation 
involved judgment and decisions that have affected the final result, including the 
landslide detection and classification. In the proposed method, bearing in mind that it 
is necessary when performing the image pre-processing for the optimal quality of the 
landslide recognition (Mondini et al., 2011). 
The lack of satellite imagery and aerial photograph data becomes the main problem 
of landslide mapping. The available imagery is SPOT panchromatic with 2.5 m 
resolution. It can only be used to identify landslide according to its morphology. It 
could be more useful if the coloured imagery is provided.  
Although landslide inventory map is created through various sources including 
SPOT image, Google Earth images, and field investigation. However, the limitation 
of the landslide inventory was that recorded landslides were mostly identified 
through SPOT imagery. With the resolution of the image, there might be some 
smaller landslide that misidentified. There is therefore a need to confirm if the 
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inventory was completed inventory or not. This can be done using aerial photo 
interpretation. 
7.7.2 Field investigation 
Field investigation was initially meant to be carried out in every year. The first field 
visit was carried out in November 2009 in order to collect data (Aerial photos) and 
participate in GIS and remote sensing training. The data was not successfully 
collected due to security issues in accessing data and bringing data out of the 
country. A second field visit in 2010 and a third field visit in 2011 were cancelled 
due to country politics issues. The country was a high risk area for overseas travel 
indicated by "Red24". In September 2012 the field visit was carried out. However, 
field investigation was limited due to time limitation (2 weeks) and it was difficult to 
access the area where most uncertain landslides were located.  
7.7.3 Landslide variables 
The scientific limitations on this study have been the lack of all data for the whole 
study area. Both dependent and independent factors needed to be generated within a 
GIS environment. The most speculative domain is the geological map domain, as the 
maps have been prepared digitizing existing geological map provided at scale of 
1:500,000 without considering the special needs of the landslide susceptibility 
assessment procedures. Furthermore, groupings of geological units regarding the 
material are made rather than its stratigraphic content. These maps were compiled 
from existing literature and registered using known coordinate system presented on 
the map, so coordinate mismatches and information inadequacies might be occurred. 
These geological unit mismatches also inherits a rough perspective to the map 
prepared which is also dependent on the experience of the author. 
Bearing in mind, land cover data was derived from Landsat TM and ETM+ images 
which were taken on different date. The accuracy of the map might not be perfect 
and the result might not represent the recent land cover.  
Some data for assessing the susceptibility were not available in this research, such as 
soil data, and precipitation which could have been helpful to improve the 
susceptibility map. This is because of restricted access to the data. Within the 
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limitation of accessing the data, independent variables used in this study were 
considered satisfied and acceptable.   
7.7.4 Susceptibility model 
The type of landslides may cause inconsistency in the result of mapping the 
susceptibility to landsides. Different mechanisms cause different types of landslides. 
A factor mostly responsible for one type of landslide can be different than for 
another type of landslide. Therefore, a map of susceptibility, created for each type of 




Chapter 8 Conclusion  
8.1 The main research objective 
The thesis aims to contribute to the analysis of spatial landslide susceptibility in 
mountainous regions. The thesis also seeks to affirm scientific significance on selection and 
application of various statistical methods for landslide susceptibility assessment. 
A landslide susceptibility assessment was conducted for the Toktogul region using past 
landslide events and a set of likely predictor parameters. Following this, two statistical 
approaches (three methods) and nine causative factors were chosen for this study. A 
bivariate approach; frequency ratio and weights of evidence, and a multivariate approach; 
logistic regression were applied to the Toktogul Region and a landslide susceptibility map 
created for each method.  Evaluation of the three resulting susceptibility maps was 
conducted using an independent set of landslide data to identify the map with the best 
predictive capability. 
8.2 Data collection 
A geographical information system (GIS) was used to prepare a set of parameter maps and 
a landslide inventory map using available spatial data.  
 A landslide inventory was created using SPOT image interpretation.  
 Topographical parameters of aspect, slope, elevation and SPI were derived from a 
20 m resolution SPOT DEM. Distance from linear features (fault and drainage) 
were also derived from SPOT DEM.  
 The classes for each of the topographical data sets and distance from linear features 
were chosen based on examples of those used in other studies and identifying which 
would be most appropriate for this study.  
 Geology was digitized from existing geological maps at scale 1:500,000.  
 Land cover and NDVI were classified from Landsat images.  
 All polygon vector spatial layers were converted to raster data using a 20 m pixel 
size to match that of the DEM derived data.  
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8.3 Susceptibility models 
8.3.1 Frequency ratio  
 In the frequency ratio model, input process, calculations and output process are very 
simple and can be readily understood. 
 The frequency ratio was determined based on the ratio of the area where landslides 
occurred in the total study area. All raster factor maps were reclassified using the 
new ratio and combined to create landslide susceptibility map.  
 Natural break classification technique was found to be the most suitable among four 
classification techniques. 
 Landslide susceptibility index was classified into susceptibility classes; very low, 
low, moderate, high, and very high to create final map. 
8.3.2 Weights of evidence 
 Conditional independence was investigated using a contingency table of observed 
and expected probabilities in paired comparisons between each of the predictor 
factors and their classes. Chi squares determined in each comparison were 
compared with a theoretical χ2 at the 99% significance level (p = 0.01) for 1 degree 
of freedom. The result showed that Slope angle should not be in the same model 
with lithology, land cover, NDVI, and SPI. There were 3 possible models; 1) All 
factor, 2) All factor excluding slope angle, and 3) Slope, aspect, elevation, distance 
from drainage, and distance from fault. 
 The model 2, combination of all factor excluding slope angle identified the highest 
cumulative area under the curve. Therefore, this model was thus chosen as the final 
weights of evidence derived landslide susceptibility map. 
 Four different classification methods were used to classify landslide susceptibility 
index into susceptibility classes; very low, low, moderate, high, and very high. 
Geometric intervals method gave the best result.  
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8.3.3 Logistic regression 
 An even number of both landslide and non-landslide data was used to calculate 
logistic regression coefficients. 
 2 random sampling of non-landslide area were selected to combine with landslide 
area data set. Then both data sets were calculated to find the best set of data. The 
result showed both data sets gave good accuracy at the same percentage (76.9%). 
Data set 1 was chosen for calculating logistic regression coefficients. 
 A backward stepwise logistic regression was used with the significance at 95% 
confidence level (p = 0.05). 
 Four different classification methods were used to classify landslide susceptibility 
index into susceptibility classes; very low, low, moderate, high, and very high. 
Geometric intervals method gave the best result.  
8.4 Model validation 
Evaluation is an important stage in any landslide susceptibility assessment as it gives an 
indication of the map’s predictive capability. To determine the predictive capability, the 
success rate curve and cumulative area were performed. A set of landslide data which was 
used in the model, was used to test the landslide susceptibility maps.   
The frequency ratio, weights of evidence, and logistic regression methods displayed a good 
result in the prediction rate curves, and it was observed that the three models resulted in 
very similar success rate curves. When comparing frequency ratio and weights of evidence, 
when the 10, 20, 30, and 40% most susceptible pixels were considered, frequency ratio 
displayed a better prediction rate; but when the 45% most susceptible pixels were 
considered weight of evidence displayed a better success rate. Therefore, for the two 
bivaraite methods, it was decided that one model could not justifiably be chosen over the 
other based on the success rate curves alone. When comparing the three models, logistic 
regression was the best among the three.  
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8.5 Combined landslide susceptibility map 
 Combining landslide susceptibility maps to find the better final landslide 
susceptibility map for the Toktogul region was performed by logistic regression.  
 The result showed that the map gave a good predictive accuracy as indicated by 
success rate curve and the cumulative area under the curve (78.72%).  
 When comparing the combined map with the three models (frequency ratio, weight 
of evidence, and logistic regression), the combined model gave a lower cumulative 
area under the curve than logistic regression. 
8.6 Recommendations for Further Research  
 The use of a better satellite image for example Quickbird imagery or aerial photos 
in future landslide inventory mapping. 
 Double pareto distribution model should be applied for landslide frequency-area 
distribution of the study area to observe whether the model would give the best fit 
of the landslide frequency distribution. 
 Further work could include a landslide hazard assessment in order to estimate the 
return period and magnitude of a future event, however this could be a challenging 
task as temporal data can be a limitation. If however, it was achieved, a risk 
assessment which estimates the cost in relation to the hazard and vulnerability could 
also be applied.  
 The landslide and factors related to landslide such as geology data, land cover were 
limited in the area. Geology data was obtained by digitizing geological map scale 
1:500,000 which were in a very small scale. If these data had been available in a 
larger scale, a better representative result could have been obtained. As well as land 
cover data which was generated by automatic classification from Landsat images 
and were not currently up to date. Therefore, once these data are available it would 
be possible to improve the analysis.  
 Some causative factors such as soil types, and slope curvature were not considered 
in this assessment as a result of data availability or time constraints but may be of 
some importance to consider in future assessments.  
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 The use of artificial neural networks in future landslide susceptibility assessments 
could be applied as in this study but they were found to be quite time consuming to 
run, and somewhat too complex to understand and apply, so were not included in 
the analysis. 
 Other techniques such as Woe, Fr and artificial neural networks could be used for 
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Appendix A: Partial landslide database 
Id Style Type Material Stability Depth Area (m2) 
1 Cluster Avalanche Debris Advanced Bedrock 673094 
1 Cluster Avalanche Debris Advanced Bedrock 550805 
7 Single Compound slide Debris Advanced Bedrock 683378 
7 Single Compound slide Earth/Mud Advanced/Active Superficial 462382 
7 Composite Compound slide Rock/Earth Advanced Bedrock 450244 
7 Compound Compound slide Debris/Rock Advanced Bedrock 847858 
7 Single Compound slide Rock/Earth Degraded Bedrock 194971 
7 Single Compound slide Rock/Earth Degraded Bedrock 449640 
7 Single Compound slide Debris Degraded Bedrock 523366 
7 Single Compound slide Debris Degraded Bedrock 292560 
7 Single Compound slide Debris Degraded Bedrock 343113 
7 Single Compound slide Debris Degraded Bedrock 194266 
7 Cluster Compound slide Rock/Debris Degraded Bedrock 51542 
7 Cluster Compound slide Rock/Debris Degraded Bedrock 146658 
7 Compound Compound slide Debris/Earth Advanced Bedrock 11535655 
7 Single Compound slide Debris/Earth Advanced/Active Bedrock 1908592 
7 Single Compound slide Rock/Debris Advanced/Active Bedrock 1198815 
1 Cluster Debris flow Debris Degraded Bedrock 26503 
1 Cluster Debris flow Debris Degraded Bedrock 36788 
1 Cluster Debris flow Debris Degraded Bedrock 18856 
1 Cluster Debris flow Debris Degraded Bedrock 6617 
1 Cluster Debris flow Debris Degraded Bedrock 72816 
1 Cluster Debris flow Debris Degraded Bedrock 49345 
1 Cluster Debris flow Debris Degraded Bedrock 47693 
1 Cluster Debris flow Debris Degraded Bedrock 94010 
1 Cluster Debris flow Debris Degraded Bedrock 18291 
1 Cluster Debris flow Debris Degraded Bedrock 154446 
1 Cluster Debris flow Debris Degraded Bedrock 21176 
1 Cluster Debris flow Debris Degraded Bedrock 19146 
1 Cluster Debris flow Debris Degraded Bedrock 18621 
1 Cluster Debris flow Debris Degraded Bedrock 134529 
1 Cluster Debris flow Debris Degraded Bedrock 124573 
1 Cluster Debris flow Debris Degraded Bedrock 51277 
1 Cluster Debris flow Debris Degraded Bedrock 29068 
1 Cluster Debris flow Debris Degraded Bedrock 13643 
1 Cluster Debris flow Debris Degraded Bedrock 23699 
1 Cluster Debris flow Debris Degraded Bedrock 17603 
1 Cluster Debris flow Debris Degraded Bedrock 254410 
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Appendix A: Partial landslide database (Continued) 
Id Style Type Material Stability Depth Area (m2) 
1 Cluster Debris flow Debris Degraded Bedrock 36055 
1 Cluster Debris flow Debris Degraded Bedrock 53528 
2 Single Debris flow Debris Degraded Bedrock 6978 
2 Single Debris flow Debris Degraded Bedrock 6699 
2 Single Debris flow Debris Degraded Bedrock 26241 
2 Single Debris flow Debris Degraded Bedrock 3950 
2 Single Debris flow Debris Degraded Bedrock 1427 
2 Single Debris flow Debris Advanced Bedrock 1607 
2 Single Debris flow Debris Advanced Bedrock 1751 
2 Single Debris flow Debris Advanced Bedrock 13991 
2 Single Debris flow Debris Advanced Bedrock 3125 
2 Single Debris flow Debris Advanced Bedrock 1437 
2 Single Debris flow Debris Advanced Bedrock 5369 
2 Single Debris flow Debris Advanced Bedrock 1591 
2 Single Debris flow Debris Advanced Bedrock 4220 
2 Single Debris flow Debris Advanced Bedrock 15697 
3 Single Debris flow Rock/Debris Advanced Bedrock 12483 
2 Single Debris flow Debris Advanced Bedrock 2053 
2 Single Debris flow Debris Advanced Bedrock 5415 
2 Single Debris flow Debris Advanced Bedrock 7164 
2 Single Debris flow Debris Advanced Bedrock 1549 
2 Single Debris flow Debris Advanced Bedrock 42164 
2 Single Debris flow Debris Advanced Bedrock 36138 
2 Single Debris flow Debris Advanced Bedrock 14841 
2 Single Debris flow Debris Advanced Bedrock 13991 
2 Single Debris flow Debris Advanced Bedrock 3101 
2 Single Debris flow Debris Advanced Bedrock 17985 
2 Single Debris flow Debris Advanced Bedrock 7384 
2 Single Debris flow Debris Advanced Bedrock 7893 
2 Single Debris flow Debris Advanced Bedrock 3566 
2 Single Debris flow Debris Advanced Bedrock 4742 
2 Single Debris flow Debris Advanced Bedrock 5410 
2 Single Debris flow Debris Advanced Bedrock 15790 
2 Single Debris flow Rock/Debris Advanced Bedrock 103411 
3 Single Debris flow Debris Advanced Bedrock 6603 
3 Single Debris flow Debris Advanced Bedrock 8387 
3 Single Debris flow Debris Advanced Bedrock 8383 
3 Single Debris flow Debris Advanced Bedrock 2131 
3 Single Debris flow Debris Advanced Bedrock 1880 
2 Single Debris flow Debris Advanced Bedrock 9455 
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Appendix A: Partial landslide database (Continued) 
Id Style Type Material Stability Depth Area (m2) 
3 Single Debris flow Debris Advanced Bedrock 1880 
2 Single Debris flow Debris Advanced Bedrock 9455 
2 Single Debris flow Debris Degraded Bedrock 37330 
3 Single Debris flow Debris Degraded Bedrock 29353 
3 Single Debris flow Debris Advanced Superficial 1691 
3 Single Debris flow Debris Advanced Superficial 3188 
2 Single Debris flow Debris Advanced Superficial 4530 
2 Single Debris flow Debris Advanced Superficial 8982 
3 Single Debris flow Debris Advanced Bedrock 12427 
3 Single Debris flow Debris Advanced Bedrock 39367 
2 Single Debris flow Debris Advanced Superficial 13119 
2 Single Debris flow Debris Advanced Bedrock 94310 
2 Cluster Debris flow Debris Degraded Bedrock 20553 
2 Single Debris flow Debris Degraded Bedrock 2979 
2 Single Debris flow Debris Degraded Bedrock 8474 
2 Single Debris flow Debris Advanced Bedrock 131869 
2 Single Debris flow Debris Advanced Superficial 13109 
2 Single Debris flow Debris Degraded Bedrock 12679 
2 Single Debris flow Debris Degraded Bedrock 12373 
1 Cluster Debris flow Debris Degraded Bedrock 113375 
1 Cluster Debris flow Debris Degraded Bedrock 417405 
1 Cluster Debris flow Debris Degraded Bedrock 241994 
1 Cluster Debris flow Debris Degraded Bedrock 164128 
1 Cluster Debris flow Debris Degraded Bedrock 323156 
2 Single Debris flow Debris Advanced Bedrock 12889 
1 Cluster Debris flow Debris Advanced Bedrock 24400 
1 Cluster Debris flow Debris Advanced Bedrock 23319 
1 Cluster Debris flow Debris Advanced Bedrock 164409 
1 Cluster Debris flow Debris Advanced Bedrock 60400 
1 Cluster Debris flow Debris Advanced Bedrock 48873 
1 Cluster Debris flow Debris Advanced Bedrock 68102 
1 Cluster Debris flow Debris Advanced Bedrock 439476 
1 Cluster Debris flow Debris Advanced Bedrock 271498 
1 Cluster Debris flow Debris Advanced Bedrock 53380 
1 Cluster Debris flow Debris Advanced Bedrock 97270 
1 Cluster Debris flow Debris Advanced Bedrock 109040 
1 Cluster Debris flow Debris Advanced Bedrock 171242 
2 Single Debris flow Debris Advanced Bedrock 176084 
2 Single Debris flow Debris Advanced Bedrock 49803 
2 Single Debris flow Debris Advanced Bedrock 23469 
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Appendix B: Geological units 
Code Lithology 
1 Adevrolites, phyllites, sandstones 
2 
Alluvial gravels, alluvial pebbles, proalluvial and gracial till, colluvial and gracial detritus, loess 
loams 
3 Basalt, andesite-basalt, andesite, tuff, chert and conglometate 
4 Bauxite 
5 Calcarenite and shales 
6 Conglomerate, breccia, sandstone, clay interlayered with marl, layers and lenses of stone loess 
7 
Conglomerate, sandstone, clay, marl, limestone, coal seams and siderite, intercalations of quartz 
porphyry 
8 Conglomerate, sandstone, shale and limestone 
9 Conglomerate, sandstone, siltstone 
10 
Conglomerates, gritstones, sandstones, loams, inter-bedded gypsum and marls, with basalt 
layers 
11 Conglomerates, gritstones, sandstones, reddish sandstones 
12 Conglomerates, sandstones, limestones, quartz porphyry, porphyrites, volcanic tuffs 
13 Contemporary sediments. Alluvial pebbles, colluvium and glacial detritus block 
14 Diabases/dolerites,spilites, flints, prasinites, sandstones, limestones 
15 
Diorites, Quartz Diorites, Quartz porphyries, Albitophyites, Quartz monzodiorite, tracyandesite 
porphyrites, Monzonites 
16 Dunites, peridotites, pyroxenites, serpentines 
17 
Flinty slates, phyllites, sandstones, spilites, diabases/dolerite, tuffs, prasinites, limestones, 
ftanites, carbonaceous clays, sandstones. 
18 Gabbro, Diorite, Norites 
19 Granites, leucocratic granites, granite-porphyry, rhyolite-porphyry adamelites 
20 
Limestones, mable, flints, sandstones, tuffs, effusive volcanics, carbonaceous-siliceous shale, 
quartite 
21 Porphyries,porphyrytes,spilites,tuffs,horizonts of limestones,horizonts of flints 
22 Quartzite, quartz sandstone, carbonaceous-siliceous shale, marble 
23 Rhyolites, dacites lavas and tuffs 
24 Sandstones, siltstones, shales, limestones, flints, phyllites, diabase/dolerite, olistostromes 
25 Sandstones, slates, injection of gneisse 
26 Serpentinite, block of gabbro, basalt, limestone schist 
27 Syenites, porphyries, boston-Syenite, Boston-porhyries 




Appendix C: New code assigned for logistic regression 
Factor Class % landslide Ratio New assigned code 
Land cover 1 0.185 0.03 7 
 2 20.135 0.90 2 
 3 4.835 0.79 3 
 4 2.264 0.49 4 
 5 0.075 0.04 5 
 6 72.409 1.30 1 
 7 0.007 0.01 8 
 8 0.092 0.04 6 
Lithology 1 0.00 0 21 
 2 2.522 0.18 17 
 3 0.201 0.06 19 
 4 0.00 0 22 
 5 0 0 23 
 6 8.764 5.82 2 
 7 0 0 24 
 8 1.549 0.37 12 
 9 3.954 0.47 10 
 10 0.189 0.07 18 
 11 18.062 4.04 3 
 12 0.970 0.41 12 
 13 6.436 1.13 9 
 14 3.029 2.50 5 
 15 0.025 0.03 20 
 16 0.812 6.25 1 
 17 2.737 1.25 8 
 18 0.393 0.47 11 
 19 4.952 0.24 16 
 20 21.633 2.65 4 
 21 7.077 2.12 6 
 22 0 0 25 
 23 0 0 26 
 24 15.959 1.46 7 
 25 0.001 0 27 
 26 0.733 0.33 14 
 27 0.003 0.20 16 
 28 0 0 28 
Distance from drainage 1 9.898 0.78 11 
 2 9.510 0.80 10 
 3 9.293 0.84 9 
 4 9.355 0.92 8 
 5 9.089 0.98 7 
 6 8.702 1.05 6 
 7 7.700 1.05 5 
 8 7.021 1.10 4 
 9 6.637 1.21 3 
 10 6.060 1.32 1 
 11 16.733 1.31 2 
Distance from fault 1 1.804 0.19 8 
 2 6.121 0.62 7 
 3 6.051 0.67 6 
 4 7.109 0.89 5 
 5 6.503 0.91 4 
 6 32.164 1.11 3 
 7 27.606 1.54 2 
 8 12.605 1.73 1 
 9 0.036 0.02 9 
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Appendix C: New code assigned for logistic regression (Continued) 
Factor Class % landslide Ratio New assigned code 
Aspect 1 0.625 0.20 10 
 2 5.846 1.14 4 
 3 11.366 1.03 6 
 4 10.885 0.91 7 
 5 14.211 1.15 3 
 6 14.993 1.19 1 
 7 10.226 0.79 9 
 8 11.592 0.88 8 
 9 14.219 1.16 2 







Appendix D: Coefficient for Logistic Regression Model 
 B S.E. Wald df Sig. Exp(B) 95% C.I.for EXP(B) 
Lower Upper 
SPI SPI 0.033493124 .003 102.157 1 .000 1.034 1.027 1.041 
ELEVATION ELEVATION -0.000204114 .000 1664.519 1 0.000 1.000 1.000 1.000 
SLOPE SLOPE 0.022192419 .000 5816.896 1 0.000 1.022 1.022 1.023 
ASPECT ASPECT     1905.669 9 0.000       
 South 0.281201806 .033 73.820 1 .000 1.325 1.242 1.412 
 Northwest 0.109162961 .033 11.153 1 .001 1.115 1.046 1.189 
 Southeast 0.269626020 .033 67.844 1 .000 1.309 1.228 1.396 
 North1 0.126033981 .034 14.042 1 .000 1.134 1.062 1.212 
 North2 0.072241103 .034 4.628 1 .031 1.075 1.006 1.148 
 Northeast 0.163678456 .033 24.967 1 .000 1.178 1.105 1.256 
 East 0.110407944 .033 11.329 1 .001 1.117 1.047 1.191 
 West 0.045833531 .033 1.957 1 .162 1.047 .982 1.116 
 Southwest -0.086644732 .033 6.966 1 .008 .917 .860 .978 
 Flat 0.000000000               
Distance to fault FAULT     17432.915 8 0.000       
 15000-20000 3.530793472 .087 1636.557 1 0.000 34.151 28.781 40.522 
 10000-15000 3.602912404 .087 1711.792 1 0.000 36.705 30.946 43.536 
 5000-10000 3.368816399 .087 1498.119 1 0.000 29.044 24.489 34.446 
 4000-5000 2.961488300 .087 1145.950 1 .000 19.327 16.281 22.942 
 3000-4000 3.131193914 .087 1281.695 1 .000 22.901 19.294 27.184 
 2000-3000 2.973241352 .088 1154.330 1 .000 19.555 16.473 23.214 
 1000-2000 2.630893306 .088 902.291 1 .000 13.886 11.696 16.487 
 0-1000 1.954884472 .088 492.998 1 .000 7.063 5.944 8.393 








Appendix D: Coefficient for Logistic Regression Model (Continued) 




DRAINAGE     1421.537 10 .000       
 
1350-1500 
0.209790933 .011 376.169 1 .000 1.233 1.208 1.260 
 
>1500 
0.266386110 .014 372.674 1 .000 1.305 1.270 1.341 
 
1200-1350 
0.243693041 .013 342.393 1 .000 1.276 1.243 1.309 
 
1050-1200 
0.164103388 .013 166.742 1 .000 1.178 1.149 1.208 
 
900-1050 
0.134017816 .012 119.610 1 .000 1.143 1.116 1.171 
 
750-900 
0.124051338 .012 110.207 1 .000 1.132 1.106 1.159 
 
600-750 
0.047394955 .012 16.911 1 .000 1.049 1.025 1.072 
 
450-600 
0.025147698 .011 4.959 1 .026 1.025 1.003 1.048 
 
300-450 
-0.054500779 .011 23.915 1 .000 .947 .926 .968 
 
150-300 
-0.023898468 .011 4.713 1 .030 .976 .956 .998 
 
0-150 
0.000000000               
Lithology LITHOLOGY     137017.970 28 0.000       
 17 22.860681528 8491.129 .000 1 .998 8477500812.749 0.000   
 6 23.474474566 8491.129 .000 1 .998 15661551014.849 0.000   
 12 22.893822949 8491.129 .000 1 .998 8763164742.730 0.000   
 21 21.930745792 8491.129 .000 1 .998 3345044360.358 0.000   
 15 21.690873905 8491.129 .000 1 .998 2631642215.498 0.000   
 22 21.729200238 8491.129 .000 1 .998 2734461162.362 0.000   
 25 21.447711082 8491.129 .000 1 .998 2063585998.696 0.000   
 18 20.997934820 8491.129 .000 1 .998 1316094953.549 0.000   
 14 22.112266215 8491.129 .000 1 .998 4010838724.928 0.000   
 10 20.908651442 8491.129 .000 1 .998 1203682496.987 0.000   
 19 20.686249714 8491.129 .000 1 .998 963660597.910 0.000   
 13 20.326773388 8491.129 .000 1 .998 672675355.981 0.000   







Appendix D: Coefficient for Logistic Regression Model (Continued) 
 B S.E. Wald df Sig. Exp(B) 95% C.I.for EXP(B) 
Lower Upper 
 7 19.815538984 8491.129 .000 1 .998 403440261.566 0.000   
 27 20.310208970 8491.129 .000 1 .998 661624657.075 0.000   
 20 19.780693550 8491.129 .000 1 .998 389624319.828 0.000   
 2 20.383180082 8491.129 .000 1 .998 711709287.713 0.000   
 11 18.815079600 8491.129 .000 1 .998 148349212.976 0.000   
 3 18.418036697 8491.129 .000 1 .998 99735944.512 0.000   
 16 17.856745428 8491.129 .000 1 .998 56896559.293 0.000   
 1 -0.315882215 8798.959 .000 1 1.000 .729 0.000   
 4 -0.313285240 12899.197 .000 1 1.000 .731 0.000   
 5 0.489601952 8576.255 .000 1 1.000 1.632 0.000   
 8 -0.070054897 9551.675 .000 1 1.000 .932 0.000   
 23 0.489515504 8513.062 .000 1 1.000 1.632 0.000   
 24 -0.071752073 9053.862 .000 1 1.000 .931 0.000   
 26 15.307371856 8491.129 .000 1 .999 4445361.969 0.000   
 28 0.000000000               
Land cover LAND_COVER     20181.281 7 0.000       
 Sparse vegetation 3.789793371 .158 573.366 1 .000 44.247 32.446 60.340 
 Barren land 3.412328164 .158 464.409 1 .000 30.336 22.242 41.375 
 Dense vegetation I 3.266657510 .159 424.253 1 .000 26.224 19.217 35.784 
 Dense vegetation II 3.083332828 .159 377.283 1 .000 21.831 15.994 29.798 
 Setlement 0.975327984 .169 33.181 1 .000 2.652 1.903 3.696 
 Water body 0.604297915 .169 12.862 1 .000 1.830 1.315 2.546 
 Agriculture 0.340944907 .162 4.406 1 .036 1.406 1.023 1.933 
 Snow & cloud 0.000000000               
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